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Abstract

In Indonesia, forests are converted to agro-forestry systems by plantation operators
and smallholders. Smallholder tenure is insecure and smallholders must choose where
to locate production to balance the private returns conditional on maintaining control
of the land against the probability of losing their land to plantations. A unique GIS
data set is used to test predictions from a simple model regarding the impact of po-
tential plantation conversion on the location of smallholder forest conversion between
2000 and 2008. Plantation threat is identified as high if the district boundary was re-
zoned following Suharto’s resignation, with rezoning representing an effort to increase
the royalties generated from natural resource exploitation, including agroforestry. A
global nonparametric specification test rejects the assumptions of parametric models
that are commonly implemented in the context of forest conversion studies (e.g., logit,
multinomial logit). A simulation study demonstrates that the nonparametric approach
is robust to spatial autocorrelation as well. Smallholder production is more likely on
low-slope parcels near the forest edge and the closest road when plantation threat is
low, while smallholder production is unaffected by slope and distance to the nearest
road, with a minor negative effect of forest edge distance with a higher threat of plan-
tation conversion. There is evidence that smallholders seek refuge from the threat of
plantation conversion by converting forests in protected areas when plantation threat is
high. The conversion of remote, lower-return forests due to insecure tenure, illustrates
the welfare losses of the system of informal smallholder property rights currently in
place in Indonesia. JEL: C31, D23, Q15
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1 Introduction

Individuals invest time and capital into the management of natural resources with the

expectation that this costly effort will allow them to reap the benefits of investment. Uncer-

tainty about who will receive the benefits of this investment is responsible for the manage-

ment challenges associated with common-pool resources, which are characterized by over-

exploitation and under-investment (Hardin (1968); Scott (1955); Gordon (1954)). Whether

formally-defined or informally-recognized, institutions to ensure the secured access to re-

sources can increase the efficiency of their use and promote economic development.

The impact of insecure land tenure on development has been thoroughly explored (e.g.,

Besley and Ghatak (2009); Libecap (2007); Alston et al. (1996)). In agricultural systems,

lack of well-defined access has been shown to reduce investment and yield (Hornbeck (2010);

Banerjee et al. (2002)). Inadequate investment due to insecure tenure has been observed with

regard to fertilizer application (Jacoby et al., 2002) and land-fallowing (Goldstein and Udry,

2008). In forestry systems, theory predicts that poorly-defined property rights will increase

deforestation through an increased discount rate (Mendelsohn, 1994) and promotion of low-

capital intensity activities (Deacon, 1994) and there is evidence to support these predictions

(e.g., Araujo et al. (2009); Otsuki et al. (2002)).1 The existing studies have not explored the

spatial impacts of tenure insecurity, which are of significance in the management of tropical

forests, a particular natural resource, with several associated ecosystem services, whose use

has become an international concern due to the emission of greenhouse gases that results

from the conversion of these forests to agroforestry systems.

The private and social benefits and costs of forest conversion vary spatially, making the

location of conversion a key determinant of the welfare effects of such action.2 The inefficiency

1Deininger and Minten (2002) finds no impact of property rights after controlling for biophysical factors.
2There is a substantial amount of carbon stored in the above- and below-ground biomass of tropical forests

that is released as CO2 when forests are burned prior to agricultural production, In addition, some tropical
forests are located on peat soil, which releases methane into the atmosphere when these forests are drained
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of forest conversion can be magnified if conditions prevent the location of conversion from

being selected to maximize the private returns to conversion. Of notable concern are the

edge effects caused by conversion of relatively remote forest patches (e.g., in the interior of

the forest) (Broadbent et al., 2008). One such condition is the insecurity of land tenure.

In this paper, we explore the impact of insecure land tenure on the location of smallholder

forest conversion in Sumatra, Indonesia. In Indonesia, access to forests, either for timber or

for conversion to agro-forestry systems, is controlled by government agencies. These agencies

informally recognize forest use by smallholders and offer forest concessions to plantation

operators that convey secure property rights to the plantations, allowing agencies to collect

royalties from plantation operation. Because the informal smallholder rights are not defended

by the government agencies that control forests, smallholder tenure is insecure in the presence

of plantation demand for forested lands.

Using a unique GIS dataset, we take advantage of the wide-ranging decentralization that

occurred in Indonesia after Suharto’s thirty-year regime came to an end in 1998 to explore

the proximate determinants of smallholder forest conversion in districts facing different levels

of plantation conversion. The threat of plantation conversion is identified by district rezoning

following decentralization, with rezoning, for the purpose of capturing more of the royalties

from plantation operation, an indication of greater threat of plantation conversion. We utilize

nonparametric specifications to ensure that the results are not driven by the assumptions of

parametric models.

and burned prior to production. In addition to the global damages associated with the release of these gases,
the inefficient conversion of tropical forests may lead to costs that are borne by the local populations through
reduced provision of valuable ecosystem services. Some of the ecosystem services provided by tropical forests
that are lost with forest conversion include reduced water quality (Douglas, 1996), increased and more
damaging flooding events (Costa et al., 2003), changes in local climate regimes that might affect crop yield
(Costa and Foley, 2000), as well as the reduction in habitat for endemic animal and plant species (Pimm
and Raven, 2000).
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Chomitz and Gray (1996) provide the econometric template for most ensuing studies of

land-cover change in the tropics (e.g., Vance and Geoghegan (2002); Kerr et al. (2000); Pfaff

(1999); Nelson and Hellerstein (1997). Using a simple land-rent model developed by von

Thunen, the authors estimate the probability with which different pieces of forest will be

converted from natural habitat to intensive management based on the observable physical

characteristics of the land, using a multinomial logit model of forest conversion. As with all

parametric models, identification of the determinants of forest conversion in these studies is

achieved through assumptions about the specific functional form of the relationship between

land characteristics and conversion outcomes. The parameter estimates from such models

cannot be relied upon by academics or policy makers if these assumptions are not satisfied

by the data.

Our analysis uses nonparametric estimation techniques to explore the reliability of commonly-

applied parametric models, including the spatial probit model, in the context of forest con-

version. The empirical analysis is motivated by a simple model to illustrate the location

choice faced by smallholders with insecure tenure. The results of the empirical analysis

should resonate with policy makers and serve to provide a better understanding of the deter-

minants of forest conversion. We observe that the proximate causes of smallholder conversion

vary with the threat of plantation conversion, an outcome that would not obtain with secure

smallholder tenure. Specifically, we find that smallholders in non-rezoned districts, with

lower threat of plantation conversion, have a revealed preference for low-slope parcels that

are near the edge of the forest and the nearest road. These preferences are similar to those of

plantations, as revealed by the location of plantation operations, though there are still differ-

ences due to the fact that the threat of plantation conversion is not zero in these districts. In

rezoned districts, with a higher threat of plantation conversion, the location of smallholder

production is not affected by either slope or distance to the nearest road, and there is only a

small reduction in conversion probability associated with increasing distance from the forest
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edge. These results suggest that the location of smallholder forest conversion, and therefore

its private returns and external costs, is affected by the threat of plantation conversion, due

to insecure smallholder tenure.

Furthermore, we are able to reject the appropriateness of all parametric models, including

the spatial probit, in the context of forest conversion in Sumatra. The implication of our

findings is that coefficient estimates and marginal effects from these parametric models should

not be used to determine forest conservation policy in this region.

Our findings suggest that policy action to reduce forest conversion, such as the recent

moratorium on concessions in extant forests in Sumatra, may need to shift from a sole focus

on plantations. Issues of smallholder land tenure must be addressed to achieve the goal of

efficient forest conversion. This result is consistent with the existing literature that explores

the impacts of agent heterogeneity on natural resource-use outcomes (e.g., Johnson and

Libecap (1982)).

The results also allow for some commentary on the impact of decentralization on welfare

outcomes. While a strain of the literature shows that local authorities may be better suited

to improve local welfare through provision of public goods than a central government (e.g.,

Besley and Coate (2003)), our analysis suggests that the focus on increasing local govern-

ment control of natural-resource extraction royalties may offset some of the benefits of these

increased royalties by failing to protect the livelihoods of local producers. Formalized tenure

for smallholders, making them another source of royalties, might reduce this incentive.
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2 Sumatra Background

2.1 Study Area

The Provinces of Riau, Jambi, and West Sumatra on the island of Sumatra have expe-

rienced a significant amount of forest conversion since the mid-1990s, chiefly as a result of

the rising price of palm oil that has made oil palm plantations quite profitable in the region

(Figure 1). The provinces cover an area of approximately 17 million hectares. From 1990

to 2008, 7 million hectares of forest, or 58% of the total forested area in 1990, in these

provinces was converted to agroforestry production. The two broad categories of production

systems responsible for forest conversion within these three provinces of Sumatra are indus-

trial plantation systems and smallholder operations. While plantations are responsible for

the majority of forest conversion in this area, smallholder production has been responsible

for approximately 30% of forest conversion since 1990.

The most common plantation products are pulp and paper from acacia plantations, oil

from oil palm plantations, and rubber from rubber tree plantations. The most valuable

smallholder operations are based on oil palm and rubber trees, with mixed agriculture,

chiefly vegetables, a lower-return, lower-investment alternative. Table 1 provides some details

about the major agroforestry systems in Sumatra. In general, the plants that produce high-

profit products prefer low-elevation, low-slope locations, with production costs increasing as

parcels move further into the forest interior and further away from the nearest road. Some

smallholder rubber production involves harvesting sap from trees growing in the wild, greatly

reducing the delay in returns to production when planting seedlings.

In rural communities, access to forested land for cultivation is not based on ownership,

but rather on action: individuals establish informal rights to manage different parcels on

the landscape by engaging in costly activities of preparing the land for cultivation, which

typically includes burning the land to remove the native cover in a low-cost means. Small-
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holder production systems are frequently interrupted by the granting of production leases

by government agencies to corporations interested in large-scale pulp, oil palm, or rubber

production (Suyanto et al., 2004). Government agencies have incentives to provide conces-

sions to plantation operators as revenues from these systems generate royalties that are used

to support government activities, whereas smallholders are typically not taxed (Potter and

Badcock, 2001).

Leases continue to be granted to corporations without acknowledgement of the informal

cultivation rights that have been used to allocate areas for harvest within rural communities.

This can result in two outcomes: incorporation of the communal producers into the corporate

production system, or the relocation of the communal centers of production to lands not

covered by the corporate lease rights. Colchester et al. (2006) describes that the wages

offered to local smallholders in exchange for plantation labor are typically viewed as unjust

by smallholders and promised payments are occasionally not delivered, while land-grabbing

by plantations is not an infrequent occurrence. Finally, Suyanto (2007) provides examples

of smallholder production being cleared by plantations through the use of fire, even when

the land was not included in the formal concession to the plantation operator. Given these

possible outcomes, it is clear that smallholders might choose to locate their production

systems in a way to minimize the likelihood of losing their investment to plantations, even

if the protected locations are less favorable for production.

2.2 Governance

Governance in Indonesia was characterized by a strong, highly-centralized regime under

President Suharto, whose New Order regime lasted from 1966-1998. Under this system,

royalties generated from the extraction of natural resources (e.g., agroforestry, petroleum,

and timber) in districts and provinces throughout the nation were sent to the seat of the

federal government in Jakarta for subsequent redistribution to the local government agencies.
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The centralized distribution of locally-generated tax revenues was not popular among officials

from particularly resource-rich regions of the nation who also felt that the access to these

resources had too frequently been granted to private-sector corporations with ties to decision-

makers in Jakarta (Potter and Badcock, 2001).

Suharto was forced to resign his Presidency due to fallout from the 1997 financial crisis

in Asia. The rupiah underwent a major devaluation that lasted through 1998. During this

time, there were calls by resource-rich provinces for independence and, as a result, Indonesia

underwent an extensive, and immediate, wave of decentralization. The shift to more localized

political power was driven, in large part, by the demands of representatives from resource-rich

districts and provinces. Suharto was able to maintain control over the disparate regions of

the Indonesian archipelago, which includes 17,508 different ethnically-diverse islands (about

6,000 of which are inhabited) by establishing a strong centralized government. The regime

that came into power in 1998 was facing calls for independence from various parts of the

island nation; meaningful decentralization was a way to appease calls for more regional

autonomy, while maintaining the extent of the nation (Potter and Badcock, 2001).

As described in Potter and Badcock (2001), several key pieces of legislation issued by

the national government facilitated the transfer of authority to provincial and district gov-

ernments, allowing resource-rich regions to retain a greater share of the revenues generated

within their jurisdictions. Law 22 on Regional Governance and Law 25 on Fiscal Balancing

were issued in May of 1999 and together provided a foundation for the decentralization of

administrative and regulatory authority primarily to the district level. Law 22 defined the

sectors that would move to district control from federal management, including agriculture,

forests and fisheries, mining, environment, and land use. Law 25 simultaneously established

that more income from natural-resource sales would be directed to districts and established

that the districts would be expected to take more active roles in seeking their own sources

of revenue. Several other laws aimed at decentralization and implementation to support the
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transition to regional control. Of particular relevance is Law 41 of 1999, which revised the

existing Basic Forestry Law and outlined the division of forestry-sector administration under

regional autonomy.

In the wake of the national legislation supporting local oversight of natural resources,

many districts chose to sub-divide following the end of Suharto’s reign. By altering district

borders, officials in district agencies would give themselves greater control over the natural

resources found within their districts. Between 1998 and 2008, the total number of districts

in Indonesia increased from 292 to 483, as local governments attempted to exert maximum

control over the natural resource royalties originating in their district (Burgess et al., 2012).

We will use variation across districts regarding subdivision and rezoning to identify the

impact of insecure tenure on the location of smallholder forest conversion under varying

levels of plantation threat.

2.3 Identification strategy

This analysis attempts to determine if and how insecure smallholder tenure leads to in-

efficient forest conversion in Sumatra. To do so, we choose to compare the location choice

of smallholder production in regions that vary based on the threat of plantation activity.

Due to uncertainty about the returns to smallholder investment in agricultural production,

there is an expectation that smallholders may choose to locate their operations so as to

avoid conflicts with plantation operations. In the absence of spatially-explicit survey data

regarding the expectation of plantation activity by smallholders, we are forced to model this

expectation based on available data. We turn to the location of district rezoning in the wake

of Suharto’s resignation as a means of doing so.

The three Provinces in the study area were comprised of 26 districts in 2008. Of these

26 districts, 15 of them were formed during rezoning efforts following the end of Suharto’s
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regime in 1998. Figure 2 depicts the districts in the study area. The shaded districts were

rezoned in 1999, prior to 2000, which is the baseline year of analysis in our study.

As mentioned above, district rezoning was primarily undertaken to ensure more local con-

trol of royalties associated with natural resource extraction. Given our interest in plantation

pressure on the location of smallholder forest conversion, we would like to ensure that the

rezoning decision leads to more plantation conversion in rezoned districts than in districts

with their original borders. One way to proxy for plantation conversion during our period

of interest (2000-2008) is to consider the extent of plantation conversion from 1990 to 2000.

Using GIS data layers from WWF Indonesia, we estimate the percentage of extant forest in

each district in 1990 that was allocated to agroforestry concessions prior to 2000.

Table 2 presents summary statistics for rezoned and unchanged districts. The average

percentage of forest allocated to plantation operations within rezoned districts is statistically

greater than that percentage in unchanged districts. The expectation is that concessions

to plantations would increase further within the rezoned districts as the royalties from such

operations would now accrue directly to the district-level administrators. Given these results,

we are confident that the rezoned status of districts allows us to identify high (if the district

was rezoned) and low (if the district borders remained unchanged) levels of plantation threat

from 2000 to 2008.3

3 Data

The outcome of interest in this analysis is whether or not forested land is converted to

intensive management, and how the insecurity of smallholder land tenure affects the location

of this process given the presence of plantation operations on the landscape. Satellite data

3Ex post confirmation of this assertion is provided by the fact that there is a statistically higher probability
of conversion to plantation operations for forested pixels located in rezoned districts (18%) than in non-
rezoned districts (11%).
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provides the best opportunity to account for both legal and illegal forest conversion, which is

necessary to obtain accurate estimates of conversion rates and the determinants of conversion

(Burgess et al., 2012).

The key data for this analysis are maps of land-use and land cover (LULC) from 1990,

2000, and 2008. The maps of land cover in 1990 and 2000 are based on Landsat imagery

and distinguish pixels as either forest or non-forest. The map of LULC in 2008 is derived

from manual classification of Landsat and IRS-P6 imagery with validation through ground

checks (Setiabudi, 2008). The 2008 LULC map was commissioned by World Wildlife Fund

Indonesia and has been used in recent policy and research efforts (Bhagabati et al. (2014),

Bhagabati et al. (2012)) related to the Sumatran Tiger. The combination of high-resolution

satellite imagery and ground-truthing allows for detailed LULC classification in the 2008

map that includes identification of both smallholder and plantation operations.

In addition to land-cover information, several different biophysical and infrastructural data

layers were combined to generate pixel characteristics that would be expected to determine

the probability of a pixel being converted from forest to intensive management. These data

layers were combined for use in earlier analyses (Bhagabati et al. (2014), Bhagabati et al.

(2012)) and the details of their development are provided in Bhagabati et al. (2014). A 90

meter digital elevation model (DEM) from HydroSHEDS (http://www.hydrosheds.org/) was

resampled using bilinear interpolation to generate a DEM at 30 meter resolution. This data

layer was used to estimate elevation and slope information for each of the pixels from the

2008 land-cover map. Annual average precipitation information is provided by WorldClim

(http://www.worldclim.org) at a resolution of approximately 1 km. Information on soil

depth comes from the FAO GeoNetwork spatial data portal for most of the study area.4

In areas with peat soils, the information on soil depth comes from Wetlands International

(Wayhunto and Subagjo, 2003). Finally, separate layers of built infrastructure were used to

4This data is available for download from (http://www.fao.org/geonetwork/srv/en/main.home)

10



identify the distance between the forested pixels of interest and the roads, settlements, and

towns that impact the forest conversion decision.

The 2008 LULC map encompasses six watersheds in Central Sumatra, covering portions of

Jambi, Riau, and West Sumatra Provinces. The map has a spatial resolution of 30 meter by

30 meter pixels, deriving from the underlying Landsat imagery. The advantage of this high

resolution is that it mitigates some of the measurement error associated with coarser-scale

satellite data, such as MODIS, which has a resolution of 250 meters by 250 meters. The

disadvantage of Landsat imagery is that these satellites do not revisit the same area with

great frequency (there are one to two weeks between visits to the same area, as opposed to one

to two days for MODIS). In humid, tropical regions, like Indonesia, much of the landscape

is obfuscated by cloud cover year-round. Given the relatively long revisit time of Landsat,

it is likely that Landsat-derived images will include significant cloud-covered extents in this

region. As a result, landscape-level analysis of conversion may not accurately reflect true

conversion rates, and such large-scale calculations may be biased if natural forests are more

likely to be covered by clouds than managed agroforestry systems (Burgess et al., 2012).

The unit of observation in the following econometric analyses is a 30 meter by 30 meter

pixel. This unit was chosen because it matches the spatial resolution of the 2008 LULC map.

However, the forest conversion decisions made on the Sumatran landscape by smallholders

and plantation managers take place at different spatial scales. Smallholders may convert

between one and 20 hectares of forest at a time, while plantations range in size from hundreds

to a few thousand hectares. The difference between the resolution of the LULC map and

the scales of forest-conversion requires that steps be taken to ensure the independence and

identical distribution of the errors in the following parametric and nonparametric analyses.

The data selection process as well as the choice of regression models were undertaken to

ensure the independence of the observations used in the analysis.
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A grid of 10 kilometer by 10 kilometer cells was used to select pixels from the 2008 LULC

map that were forested in 2000 for use in the analysis.5 A set of 13,025 pixels was drawn from

the set of pixels that were forested in 2000. Figure 3 illustrates the locations of the pixels

used in the econometric analysis. Of the full set of pixels, 9,767 pixels lie within districts that

were rezoned, meaning that these pixels will be classified as facing high plantation conversion

threat. The remaining 3,258 pixels lie in districts whose borders were unchanged and are

classified as facing low plantation conversion threat in our analysis.

Table 3 presents summary statistics of the physiogeographic characteristics of the 13,025

randomly-drawn pixels that were forested in 2000. The pattern that emerges is consistent

with what one might expect with a fully-functioning market for land. Plantations, with

their high returns to production, are located on the most accessible and highest yield lands

(i.e., low elevation, low slope, and closer to towns). Smallholders tend to be located on

more marginal lands (e.g., higher elevation and more steeply-sloped). While it is true that

the observed spatial pattern of smallholder and plantation operation is consistent with a

functioning market for land, the tenure conditions in Indonesia are not consistent with a

robust land market. The next section describes the econometric techniques that we will

apply to explore the impact of insecure smallholder tenure on the location smallholder forest

conversion.

4 Model of smallholder location choice

The following model of smallholder forest conversion simplifies the details of agricultural

production to highlight the key tradeoffs facing smallholders in Sumatra when choosing the

location of their production systems. To highlight the impact of insecure tenure on the forest

conversion decision, assume that there is a single production system and that smallholders

5The larger cells were generated to allow for clustering of standard errors across pixels within a given grid
cell to account for undetermined forms of heteroskedasticity and autocorrelation in the parametric analysis.
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attempt to maximize the expected returns to production by choosing a location in the forest

at which to engage in agro-forestry production. The choice of habitat conversion is clearly

a dynamic problem; however, we can explore the issue in a static context by making an

assumption about the decision rule used to determine the timing of forest conversion. If

we assume that the deforestation choice (i.e., whether or not to deforest a patch at time t

conditional on the plot being forested at this point) can be reduced to comparing the benefits

from having the plot remain in forest relative to those of deforestation in time t + 1, which

is a static problem.

The choice of conversion location is reduced to a one-dimensional problem to facilitate a

clear motivation for the empirical analysis, which considers a vector of parcel characteristics

related to forest conversion. Let d measure the distance from the forest edge, which is

assumed to be the only determinant of production returns on the landscape in this example.

The smallholder with insecure tenure will choose the distance from the forest edge at which

to locate her production system to balance the net returns to production conditional on

maintaining control of the parcel against the probability that the parcel will be taken by a

plantation operator, which may or may not include compensation of the smallholder. The

net returns to production conditional on maintaining control of the production system, π(d),

are given by

π(d) = P × Y − C(d)

where P represents the market price for the good produced, Y represents the yield of

the product, and C(d) represents the cost of conversion and production, which are expected

to increase at an increasing rate with distance from the forest edge (C ′(d), C ′′(d) ≥ 0,

C ′(0) = 0).6 To incorporate the probability of losing control of the land to a plantation,

consider the following progression of events. At the start of the period, the smallholder makes

6While yield could vary with distance from the forest edge, the assumption of constant yield across forest
edge distance aids in the simplicity of this illustrative model and ensures that the impacts of insecure tenure
are under-estimated by this model.
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a choice about the distance from the forest edge at which to convert the forest to production.

Before the end of the period, smallholder production is either interrupted by plantation

activity or allowed to continue. At the end of the period, the smallholder receives the returns

from production if her operation is not interrupted by plantations. If smallholder production

is interrupted by plantation operations, then the smallholder receives compensation, if any,

from the plantation manager at the end of the period. Let L(d) represent the probability

that the forest patch is taken by the plantation. Assume that the probability of plantation

interruption is decreasing in distance from the forest edge (i.e., L′(d) < 0, L′′(d) > 0) for the

same reason that smallholder production costs increase with distance from the forest edge.

Then the smallholder;s problem is given by

max
d

(1− L(d))π(d) + L(d)W (d) (1)

where W (d) represents the compensation that the smallholder receives from the plantation

operator for taking her land, which again decreases with increasing forest-edge distance (i.e.,

W ′(d) < 0, W ′′(d) > 0). The optimal location of smallholder forest conversion, d∗ satisfies

(1− L(d∗))π′(d∗) + L(d∗)W ′(d∗) = L′(d∗)[π(d∗) +W (d∗)] (2)

The LHS of equation 2 represents the change in the expected net returns of smallholder

production if she is able to maintain control of her production system with increasing distance

from the forest edge, which is the marginal cost of moving production further into the forest.

The RHS of equation 2 represents the change in the expected net returns of smallholder

production conditional on losing control of the land to the plantation operator, which is the

marginal benefit of moving production deeper into the forest.

The impact of insecure tenure can be observed by comparing the optimal location of

smallholder conversion under different tenure regimes. Secure smallholder tenure can be
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depicted in this model by assuming that either L(d) = 0, indicating that there is no threat

of plantation taking, or that W (d) = π(d), meaning that the plantation must pay the

smallholder fully to compensate her for taking her land. Under either of these assumptions,

equation 2 becomes

π′(d∗) = 0 (3)

which, given the assumptions about the functional forms of yield and cost, means that d∗ = 0

with secure smallholder tenure. Unsurprisingly, given the increasing costs of production as

the distance from the forest edge increases, smallholders will choose to convert forest to

agro-forestry production systems at the edge of the forest when their land tenure is secure.

Now, consider the case in which L(0) > 0 and W (d) = 0 ∀ d. This condition describes the

situation in which plantations can evict smallholders from the landscape without offering any

compensation in the process, which describes the conditions in Sumatra, where smallholder

tenure is insecure. With this extreme form of tenure insecurity, the optimal location of

smallholder forest conversion will satisfy:

π′(d∗) =
L′(d)

(1− L(d))
π(d∗) (4)

The RHS of equation 4 is negative, and we see that insecure smallholder tenure will drive

smallholder forest conversion into the forest interior, as the countervailing forces of lower

returns conditional on maintaining control of the land and lower probability of plantation

taking as conversion moves deeper into the forest are equalized.

The above model illustrates that the location of smallholder forest conversion will vary in

response to the threat of plantations taking land from smallholders, which is a concern in

Sumatra due to insecure smallholder tenure. The empirical analysis explores this issue by

comparing the effects of a wide array of characteristics related to the net returns of forest

conversion on the probability of smallholder forest conversion when facing different levels of
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plantation threat.

5 Econometric methods

The analysis includes exploration of the impact of plantations on forest conversion de-

cisions by smallholders. In the absence of survey information about the perceived threat

of plantation conversion in different forested areas of Sumatra, it is necessary to estimate

the plantation pressure on different areas that were forested in 2000 before exploring the

impact of this pressure on smallholder behavior.7 This result would not be expected with a

functioning market for land, but may be observed in Sumatra, where smallholder tenure is

insecure.

If there were unique pixel characteristics that would be expected to affect only smallhold-

ers or plantations, then it would be possible to estimate a regression with the likelihood

of plantation conversion included as a regressor. In the absence of such a pixel charac-

teristic, identification of this effect, as separate from the effect of the characteristics that

independently affect smallholder conversion can only be achieved through functional-form

assumptions, which is problematic. The parametric analysis utilizes logistic and spatial

autoregressive (SAR) probit regressions to explore the possibility that smallholders might

choose to convert different types of forested pixels (e.g., higher elevation, more steeply-

sloped, more remote) when facing the threat of plantation conversion than in the absence

of plantation pressure. The nonparametric approach mirrors the parametric analysis but

avoids placing restrictions on underlying functional form for the index function or on the

distribution of errors. In addition to this, the nonparametric analysis allows for the testing

of the parametric specifications assumed in the first part of the analysis.

7A concern with this type of analysis is that the researchers may not be accurately estimating the decision-
making processing of the economic agents whose behavior is being studied.
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5.1 Parametric approach

The general model of forest conversion under secure land tenure is as follows. Assume that

the land rent on parcel j engaged in production system k, R∗jk, is defined as the difference

between the value of outputs and inputs, Qjk, and Yjk, at their respective location-specific

prices, Pjk and Cjk:

R∗jk = PjkQjk − CjkYjk (5)

Spatially-disaggregated price and yield data, namely P , C, and Q, are not available for every

parcel j on the landscape. In this case, it is customary to assume that spatial variation in

both output and input prices is related to the distance to markets. As such, prices can vary

spatially as a function of a vector of parcel-specific variables, Zjk, including distance to the

nearest road or town. It is also reasonable to assume that parcel characteristics will impact

the yield of production on parcel j, so let Sjk represent a vector of productivity shifters

allowing for spatial heterogeneity in production, as it might be expected for crop yields to

vary across the landscape based on parcel elevation and slope. Then, the rent on parcel j

engaged in production system k becomes:

R∗jk = f(Zjk,Sjk) + εjk (6)

In parametric models, specification of the functional form of the relationship between land

rent and observable parcel-specific characteristics is achieved through several functional-

form assumptions. If parcel productivity is assumed to follow a Cobb-Douglas production

function with a vector of productivity shifters (Sjk) that allows for spatial heterogeneity in

production, with a vector (Zjk) of parcel-specific variables, including distance to markets used

to describe spatial variation in both output and input prices, which are unobserved at the

parcel level, and if errors (εjk) are assumed to be drawn from the extreme value distribution,

then the choice of production system can be described using a logit or multinomial logit

model (McFadden, 1973).
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The discussion thus far has taken place under the assumption that the parcels being studied

are independent. As mentioned above, the units of observation in this analysis are 30 meter

by 30 meter pixels in the 2008 LULC map that were derived from manual classification of

Landsat and IRS-P6 imagery. The difference between the scale of observation and the scale

of forest conversion by both plantations and smallholders suggests that the assumption of

mutual independence of the observations may not be valid. This assumption can be relaxed

through the use of a spatial-autoregressive probit model (Vijverberg, 1997).

In the context of land conversion, the structural model for the latent variable of the SAR

probit is given by:

R∗ = ρWR∗ + Xβ + ε (7)

which can be written in reduced form as:

R∗ = (I− ρW)−1Xβ + u

, with

u = (I− ρW)−1ε (8)

The latent variable, R∗, is linked to the observed binary-outcome, R, through the mea-

surement equation:

Ri =


1, if R∗i > 0

0, if R∗i ≤ 0

(9)

where R is a n × 1 vector of observations of the dependent variable; W is a spatial-

weighting matrix that depicts the extent of spatial autocorrelation in the dependent variable;

X = [Zjk,Sjk] is a n× q matrix of observations on the q exogenous variables; and ε is a n×1

vector of error terms that is independent and identically distributed.
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The spatial-weighting matrix, W, is used to indicate the dependence of Ri on neighboring

observations. The diagonal elements of the matrix are zero, and the off-diagonal elements

provide the weighting relationship between different observations. The weighting matrix is

symmetric (wij = wji).

In this analysis, the impact of neighboring observations is based on the inverse of their

distance from the observation of interest. The parameter ρ is used to measure the magnitude

and significance of the spatial dependence that exists between the outcomes on neighboring

pixels (in this case, the probability of conversion to smallholder production). Values of ρ near

zero would indicate insignificant spatial autocorrelation within forest-conversion outcomes.

Due to the spatial interdependence of the R∗i , the error term, u in the equation above,

is non-spherical. Accordingly, the joint distribution of the error terms is not merely the

product of n marginal distributions, as in the case of standard probit models. Then, coeffi-

cient estimation requires not simply maximizing the sum of n additively-separable, logged,

one-dimensional probabilities, but rather maximizing a single, n-dimensional distribution in

which the probability of the ith observation depends on the entire matrix X and vector ε

(Franzese and Hays, 2009). The SAR probit model is estimated via Gibbs sampling and the

Metropolis-Hastings algorithm.

5.2 Nonparametric approach

To ensure that the results are not driven purely by parametric assumptions, a nonparamet-

ric approach to estimating the probability of smallholder and plantation forest conversion is

also employed. The steps in the nonparametric analysis mirror those of the parametric ap-

proach; the advantage of the nonparametric approach is that it is robust to mis-specification

in the functional form and in the distribution of the unobservables. To describe the non-
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parametric methodology, start with Equation 6:

R∗jk = f(Zjk,Sjk) + εjk

In the previous section, assumptions regarding the function f(Zjk,Sjk) such as additive sep-

arability of the error term, a known functional form, and a closed form for the distribution

of errors were made in order to estimate the model using well-known parametric methods.

In a parametric analysis, it would typically be assumed that f(Zjk,Sjk) = Zjkπ + Sjkδ,

which assumes that f(Zjk,Sjk) is known up to the parameter vectors π and δ. In the non-

parametric approach, f(Zjk,Sjk) is allowed to be completely unknown. The nonparametric

approach further makes no assumptions regarding the joint distribution of the unobservables

g(ε0, ε1, ...εK). This is in stark contrast to the previously presented parametric approaches.

The goal of this analysis is to estimate the probability of smallholder conversion across

different sets of pixels. The specific unknown probability of interest is:

P (Rj = k|Zj, Sj) = φ(Zj, Sj) = φ(Xj) , k = 0, 1, ..., K (10)

where φ(Xj) is some unknown function. A feasible estimator for Equation 10 can be obtained

using the generalized product kernel function of Racine et al. (2004):

φ̂(k, x) =

∑n
j=1Kγ1(Rj, k)Kγ2(Xj, x)∑n

j=1Kγ2(Xj, x)
(11)

where Kγ2(Xj, x) has the following representation:

Kγ2(X, x) = Wh(X
c
j , x

c)L(Xd
j , x

d, λ) (12)
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Wh(X
c
j , x

c) =

r1∏
p

1

hp
w
(Xc

j − xcp
hp

)
(13)

L(Xd
j , x

d, λ) =

r2∏
p

λ
I(xdp 6=Xd

j )
p (1− λp)1−I(x

d
p 6=Xd

j ) (14)

where Xc are continuous variables such as elevation or precipitation while Xd are discrete

variables such as the Jambi or Riau province indicator variables. The dimensions of Xc and

Xd are r1 and r2 respectively. γ1 and γ2 = [hp, λp] are the bandwidth parameters for the R

and X variables. The kernel function for the discrete dependent variable has the following

representation:

Kγ1(R, k) = γ
I(k 6=Rj)
1 (1− γ1)1−I(k 6=Rj) (15)

To see how the estimator in Equation 11 works consider the case in which R takes on only two

values 0 or 1. Suppose that out of a sample size of n, R takes the value 1 n1 number of times.

An estimate of the unconditional probability P (R = 1) would simply be n1

n
. Furthermore,

consider the case where there is only one discrete explanatory variable Xd that takes the

value 0 or 1 for which the appropriate kernel function is given by Equation 14. To highlight

the importance of the bandwidth parameter λ1, consider the case in which λ1 = .5 and

γ1 = 0. Given these values the nonparametric conditional estimate for φ(1, x) would just

be φ̂(1, x) =
∑n

j 11−I(16=Rj).5∑n
j .5

= .5n1

.5n
which is just the unconditional probability R takes the

value 1. This result implies that the conditional probability is equal to the unconditional

probability, meaning that the explanatory variable is irrelevant in explaining the conditional

value for R. This automatically results in a zero marginal effect for the explanatory variable

Xd.

As demonstrated above, the most important consideration when estimating a nonparamet-

ric model is the choice of bandwidth parameters γ1 and γ2. The likelihood cross-validation
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method is used to calculate the bandwidths. This approach minimizes the following expres-

sion:

L = −
n∑
j=1

lnφ̂−j(Rj|Xj) (16)

where φ̂−j is the leave-one-out estimator of the conditional density.

Racine et al. (2004) shows that the estimator presented in equation 11 performs very well

in Monte Carlo simulations under a variety of data-generating processes, including a probit

and multinomial probit specification. The authors also show that their estimator dominates

mis-specified parametric estimators and only exhibits a slight loss of efficieny when compared

to correctly specified parametric models. Shaw et al. (2014) shows that the nonparametric

estimator is also robust to endogeneity generated under a standard bivariate or simultaneous

probit population model. In addition to this, a simulation study reported in the appendix

shows that that the nonparametric approach is also robust to spatial dependence with an

arbitrary ρ and unknown spatial-weighting matrix W. This feature makes the nonparametric

approach to estimation particularly attractive for this application as the estimation of the

spatial probit model would require a possibly misspecified spatial weighting matrix.

Although the nonprametric estimation of the conditional density is informative, this

paper is more interested in presenting the average derivatives for the continuous variables

and the average differences for the discrete variables. If Xc
1 is the continuous variable of

interest, then the population average derivative can be expressed as:

θ = E
[∂P (Rj = k|Xc

1, X
c
2, ..., X

c
r1
, Xd)

∂Xc
1

]
=

∫
X1∈Sc

1

∫
X2∈Sc

2

. . .

∫
Xr1∈Sc

r1

∑
Xd∈Sd

r2

∂φ(Xc
1, X

c
2, ..., X

c
r1
, Xd)

∂Xc
1

× f(Xc
1, X

c
2, ..., X

c
r1
, Xd)dX1dX2 . . . dXr1

(17)

where f(Xc
1, X

c
2, ..., X

c
r1
, Xd) is the joint density function for all of the continuous variables
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Xc and the discrete variables Xd with Xc
1 being the variable of interest. The main focus

on estimating the average derivative and the average difference is due to the fact that these

estimators are easy to compare to existing parametric estimates and they have a much faster

rate of convergence as compared to pointwise nonparametric estimates. Härdle and Stoker

(1989) and Coppejans and Sieg (2005) show that common average derivative and difference

estimators exhibit root-N convergence even when the pointwise derivatives converge at much

slower rate.

To estimate θ, the conditional probability is first estimated and then a central-difference

formula is employed for continous variables. The estimator can be expressed as follows:

θ̂ =
1

n

n∑
j

[ φ̂(k|Xc
j1 + τ,Xc

j2, ..., X
c
jr1
, Xd

j )− φ̂(k|Xc
j1 − τ,Xc

j2, ..., X
c
jr1
, Xd

j )

2τ

]
(18)

where τ is the chosen approximation error.8 For discrete variables the average difference

estimator can be constructed as follows:

θ̂ =
1

n

n∑
j

[
φ̂(k|Xc

j1, X
c
j2, ..., X

c
jr1
, Xd = c1)− φ̂(k|Xc

j1, X
c
j2, ..., X

c
jr1
, Xd = c2)

]
(19)

where c1 and c2 are discrete values of interest. If Xd is a zero-one variable then we might

have c1 = 0 and c2 = 1.

The analysis is designed to detect differences in the preferred conditions for smallholder

agricultural production as a result of varying levels of plantation threat. To do so, the prob-

ability of smallholder conversion φ is estimated separately for pixels located within rezoned

and non-rezoned districts. The goal is to explore the possibility that these probabilities dif-

fer across the two sets of data. To limit the possibility that differences in average marginal

effects are due to evaluation of these densities at different values of the explanatory variables

(due to different ranges of values for the explanatory variables in each of the district types),

8It is well known that truncation error for the central-difference approximation is O(τ2). τ is chosen to
be 1× 10−12 which is smaller than the relative error due to rounding in floating point arithmetic.
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the separately-estimated functions φ̂ are evaluated at all of the points in the data set to

determine the average marginal effect of changes in each explanatory variable.

5.3 Specification Testing

To investigate whether mis-specification is present within the parametric models described in

Section 4.1, the Fan et al. (2006) nonparametric bootstrap test of conditional distributions

is employed for each of parametric models estimated.9 This test looks for evidence that

the true conditional distribution is different from that implied by an arbitrary parametric

specification. The null hypothesis in Fan et al. (2006) is that the true population distribution

is equal to some parametric conditional distribution given by φ(R = k|X = x, β). Formally:

H0 : Pr[φ(R = k|X = x) = φ(R = k|X = x, β)] = 1 for some β ∈ Ω (20)

For a logit model, φ(R = k|X = x, β) = RΛ(βx) + (1 − R)(1 − Λ(βx)) where Λ is the

standard logistic distribution function. A rejection of the null hypothesis suggest that the

distributional assumption on the unobservables or the function specification is incorrect. In

either case a rejection of the null suggests a mispecification in the parametric model which

casts doubt on the reliability of the parametric results.

6 Results

This section presents the results of the analyses used to explore the impact of plantations

on the location of smallholder forest conversion due to insecure smallholder land tenure.

Results of the specification testing of the functional-form assumptions made by each of the

considered parametric models of forest conversion are presented first. The results of the

nonparametric analysis of the determinants of smallholder conversion in the high- and low-

plantation threat groups follows.

9All code was written in Matlab and is available upon request.
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6.1 Specification testing

Table 4 presents the results of the specification test depicted in equation 20 above. The

results show that the functional form and error distribution assumptions of each of the

proposed parametric models are rejected via the nonparametric bootstrap test of conditional

distributions based on rezoned (N = 9767) and non-rezoned (N = 3258) subsamples. This

result implies that the coefficient estimates and resulting marginal effects provided by each

of these models are inconsistent.

There are numerous explanations for the rejection of the proposed models. The logit

model might be rejected because it aggregates plantation systems and fails to acknowledge

spatial autocorrelation. The multinomial logit model might be rejected for its assumption

of the independence of irrelevant alternatives and the omission of spatial autocorrelation.

Either of these models might be rejected based on their assumed distribution of the error

terms. Given the myriad sources of mis-specification associated with each of these models,

the specification test proposed by Fan et al. (2006) is only able to reject the assumptions

of the model, not provide insight into the particular assumption that fails to hold.10 Given

the rejection of each of the proposed parametric specifications of plantation conversion, the

paper will proceed with a focus on the results of the nonparametric approach.

6.2 Smallholder conversion

Table 5 presents the results of the determinants of smallholder forest conversion for the

binary analysis. Specifically, the table presents the average marginal effects for the explana-

tory variables displayed in the table. These results show that the probability of smallholder

conversion decreases with increasing slope, distance from the forest edge, and distance from

the nearest road for pixels located in non-rezoned districts, which face a lower threat of

plantation conversion. Additionally, pixels in these districts are less likely to be converted

10Specification testing of the SAR probit model is underway.
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to smallholder production if they are located in protected areas.11 Notably, elevation has no

impact on the probability of smallholder conversion for the pixels in these districts, which is

a different result from that in rezoned districts, where the probability of smallholder conver-

sion decreases with increasing elevation. The difference between the marginal effect of each

of these variables across rezoned and non-rezoned districts is statistically significant. These

results suggest that smallholders are driven to less desirable, more remote locations in areas

where the threat of plantation conversion is high.12

To gauge the magnitude of the impact of plantation threat on conversion probability,

Table 6 reports the change in conversion probability for a one standard deviation change in

the explanatory variables relative to a standard deviation change in the dependent variable.

With respect to a standard deviation change in forest edge distance, road distance, and

protected area, the impact on low plantation-threat pixels is 5.46, 6.36, and 50.17 times

larger than the impact on high plantation-threat pixels.

To pinpoint the source of the average marginal effects, Figures 4-7 show the point-wise

conversion probabilities and the pointwise derivatives for forest edge and road distance for

the binary analysis. The probability of conversion is highest at the forest edge in both the

rezoned and non-rezoned districts, with the conversion probability greater in the non-rezoned

districts than in the rezoned districts over the first one kilometer into the forest (Figure 4).

The largest marginal effect for the non-rezoned pixels occurs at 1.5 kilometers from the forest

edge reducing the conversion probability by about 4% which is twice the average marginal

11The possibility that protected areas serve as a refuge from plantations when facing a high threat of
plantation conversion could explain the heterogeneous effectiveness of protected areas in addressing issues
of conservation and poverty that have been reported in the literature (e.g., Ferraro et al. (2011)).

12Given the spatial concentration of rezoned districts in the study area, we would like to ensure that the
results can be attributed to the threat of plantation conversion and not an omitted variable that might
determine smallholder conversion decisions (e.g., local climatic conditions). To do so, we conducted the
same analysis whose results are displayed in table 5 on a subset of pixels that lie within 20 kilometers of the
border of a district whose rezoned status is different from that of the district in which the pixel falls. The
results described above are robust across this subset of pixels, confirming our confidence that the change in
smallholder conversion-location preferences is due to the threat of plantation conversion.
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effect (Figure 5). The marginal effect is roughly constant for the rezoned pixels. The marginal

effects across the non-rezoned and rezoned pixels are statistically different from about 0.5

kilometers to 2.25 kilometers into the forest.

The probability of smallholder conversion is greater for pixels in non-rezoned districts than

for pixels in rezoned districts up to a distance of 3 kilometers from the nearest road, at which

point the probabilities become similar (Figure 6). Figure 7 shows the point-wise marginal

effects for the non-rezoned and rezoned pixels as distance from a road varies. It is clear that

the marginal effect for the rezoned pixels is effectively zero at all points for road distance.

For the non-rezoned pixels the marginal effect is negative and statistically different from zero

over most of the support.

To explore the possibility that the binary results might be dampened by aggregating

different smallholder production systems, we also engaged in multinomial analysis. These

results are depicted in Table 7.13 The average marginal effects depicted in this table again

indicate that smallholders tend to locate production in less-favorable locations in rezoned

districts, where the threat of plantation conversion is higher. For oil palm production,

the probability of conversion decreases with increasing slope and forest edge distance in

non-rezoned districts, while the conversion probability increases with road distance and is

unaffected by slope in rezoned districts. Perhaps as expected, this smallholder production

system seems to be the most impacted by the threat of plantation conversion, with the

differences in marginal effects statistically significant for slope and forest edge distance across

rezoned and non-rezoned districts. One explanation for the lack of differences in conversion

location for rubber production is that these trees grow in the wild and adult trees might be

tapped where they grow naturally, avoiding the need to wait for seedlings to mature.

13Table 8 presents the optimal bandwidth for the various explanatory variables in the binary and multi-
nomial analyses.
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Figures 8-15 give the pointwise conversion probabilities and point-wise marginal effects

for mixed vegetable and oil palm production as the distance from the forest edge and the

road are varied. The probability of conversion to mixed-vegetable production is greater in

non-rezoned districts over the first one kilometer into the forest, although this probability

becomes greater in rezoned districts for pixels at least two kilometers into the forest (figure

8). Figure 9 shows the marginal effect of forest edge distance on mixed vegetable production

for non-rezoned and rezoned pixels. The marginal effects are statistically different over the

range of about 0.25 kilometers up to 1.75 kilometers. Smallholder in non-rezoned districts

are quite responsive to forest edge distance from the forest’s edge to just under 2 kilometers

into the forest. Smallholders in rezoned districts are less responsive to changes in the distance

from the forest edge.

The probability of oil palm production is greater in the non-rezoned districts than in the

rezoned districts from the forest edge to 0.5 kilometers into the forest, with this ranking

reversing for pixels that lie 1.25 kilometers into the forest (Figure 10). Figure 11 reveals a

similar story for oil palm conversion. Forest edge distance has a relatively large statistically

significant impact on oil palm conversion over the range of 0 to 2 kilometers for non-rezoned

pixels. The marginal effect is the largest in magnitude at 1 kilometer where it takes the

approximate value of -3.25%.

Road distance only has a negative and statistically significant impact on mixed-vegetable

production for non-rezoned pixels as evident from Figure 13. The marginal effects across

non-rezoned and rezoned pixels are statistically different from each other only over the range

of 0 to about 2.25 kilometers from the nearest road for mixex vegetables. For rezoned pixels,

there is a positive relationship between road distance and palm oil production over distances

of 2 to 4 kilometers. For non-rezoned pixels, there is no relationship between distance to the

nearest road and palm oil production.
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6.3 Welfare Impacts of Forest Conversion

The concern about insecure smallholder tenure is not simply that it results in a transfer

of the returns from forest conversion from smallholders to plantations, but that the lack

of well-defined property rights leads to welfare losses due to the conversion of forests by

smallholders that would have otherwise remained intact. Given the vast amount of endemic

biodiversity contained in the forests of Sumatra and the suite of ecosystem services provided

by those same forests that generate tangible benefits both globally (e.g., carbon sequestration

and storage) and locally (e.g., avoided sedimentation, storm-peak reduction), it seems clear

that the social costs of forest conversion vary spatially and that these costs will increase as

conversion occurs in more remote locations.

The literature demonstrating the negative effects of edge effects on biodiversity and forest

health is quite robust (see e.g., Broadbent et al. (2008); Laurance et al. (2001); Gascon et al.

(2000)). By increasing the extent of forest that is abutted by non-forest land covers, edge

effects due to remote forest conversion can generate adverse ecological outcomes, including

increased susceptibility to fires (Cochrane and Laurance, 2002); reduced species richness

(Benitez-Malvido and Martinez-Ramos, 2003); changes in micro-climates that can impact

agricultural productivity (Williams-Linera et al., 1998); and increased CO2 emissions due

to increased mortality among large trees (Laurance et al., 2000). These ecological changes

can negatively affect social welfare through a reduction in the ecosystem services provided

by the extant forest as well as potential losses of biodiversity.

While the valuation of ecosystem services is theoretically straightforward, there are a

number of practical challenges that make the implementation of these techniques difficult

(Conte, 2013). Furthermore, mapping the provision of ecosystem services is a challenging,

and data-intense task, even when efforts are made to describe the biophysical processes

in accessible ways (Kareiva et al., 2011). In recognition of these obstacles, our welfare
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analysis of insecure smallholder tenure in Sumatra is based solely on the change in location

of smallholder forest conversion due to varying levels of plantation threat. To illustrate this

impact, we estimate the probability with which pixels converted to smallholder production

in the rezoned districts would have been converted to smallholder production based on the

estimated probability function from the non-rezoned pixels.

To explore the welfare impacts of forest conversion generated as a result of insecure tenure,

we consider the pixel characteristics of smallholder producers located in the rezoned districts

(higher plantation threat areas) and investigate whether these conversions would have taken

place if the same pixel were exposed to a lower threat of plantation conversion. Utilizing the

estimation results from the non-rezoned pixels, the pixel characteristics of the high threat

pixels can be used to observe the conversion probabilities implied when there is a lower threat

of plantation conversion.

For a calculated threshold value (α̂), a pixel is classified as converted or not converted.

The threshold value α̂ is calculated by balancing the nonparametric models specificity and

sensitivity. Recall that specificity refers to a models true negative rate while sensitivity refers

to the true positive rate. Figure 16 plots the predictive capacity for the nonparametric model

for smallholder production under a low plantation threat. The probability threshold value

that equates specificity and sensitivity is give by α̂ = .27.

Using the smallholder model from the non-rezoned districts, conversion probabilities are

computed from the characteristics of the pixels that were converted to smallholder production

in the rezoned districts (higher threat of plantation conversion). If P (R = 1|Xi) > .27, for the

rezoned pixels, then the pixel is classified as predicted to convert to smallholder production.

The results of the analysis indicate that only 26.02% of the pixels in the rezoned districts

that were in fact converted by smallholders would have been converted if they had instead

30



been in low plantation threat areas.14 This result highlights the importance of plantation

threat when smallholders engage in production decisions. The analysis separates the effects

of pixel characteristics from threat of plantation conversion.

Furthermore, the pixels that are converted under the lower threat of plantation conversion

are found in more accessible locations. Specifically, the pixels predicted to convert to small-

holder production are found on average 38% closer to the forest edge than those pixels that

were actually converted to smallholder production in the rezoned districts. These pixels are

also found on average 23% closer to the nearest road than those pixels that were actually

converted to smallholder production in the rezoned districts.

The observed reduction in remoteness is associated with a reduction in the average ex-

pected probability of plantation conversion from 18% in the rezoned districts to 11% in the

non-rezoned districts. Assuming a constant relationship between plantation threat and pixel

location, then secure smallholder tenure would have moved the converted pixels nearly to

the forest edge, with an average distance of 0.011 kilometers from the edge and 1.23 kilome-

ters from the nearest road. Lastly, it should be noted that only 28% of the forested pixels

that were actually converted to smallholder production between 2000 and 2008 are predicted

by our model of plantation conversion to have been converted to plantation conversion by

2016. This result emphasizes that the issue of insecure tenure is not important merely for

distributional concerns, but also for matters of efficiency and social welfare.

7 Conclusion

Theory predicts that insecure tenure will lead to inefficient natural resource management,

with extraction and harvest occurring at faster rates than if tenure were secure due to

uncertainty about future access to the resource. Efficient conversion to agroforestry systems

14The 95% confidence band is given by [0.1981, 0.3525].
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of the tropical forests that cover vast areas of land in several nations, including Indonesia,

extends to the location of this conversion due to the spatial variability in the benefits and

costs of production. Understanding the mechanisms underlying the choice of tropical forest

conversion location is essential for government officials to design policies that can improve

the efficiency of the use of this natural resource, which has serious implications for total

greenhouse gas emissions for a number of developing nations in the tropics.

This study takes advantage of a uniquely detailed GIS dataset to explore how the inse-

curity of smallholder land tenure in Indonesia impacts the social costs of smallholder forest

conversion. Using re-zoning of districts to identify the threat of plantation conversion, this

analysis has shown that smallholder conversion targets different types of forests for conver-

sion based on the risk of plantation conversion. Specifically, smallholders seem to attempt to

reduce the likelihood of losing their production systems to plantation operations by targeting

more marginal lands (steeply-sloped, further from the forest edge and nearest road, within

protected areas) when there is a threat of plantation conversion. This response leads to a

welfare loss as the private returns to conversion are lower in these areas and the external

costs may in fact be greater given the importance of water-related ecosystem services, such

as storm-peak mitigation and sediment retention, on steeply-sloped lands.

A result that should resonate with policy makers is that plantations are not likely to

convert forested land that lies within a protected area. Of course, this means that protected

areas are attractive to smallholders as the threat of plantation conversion is low, and the

analysis suggests that the likelihood of conversion to smallholder mixed vegetables or oil

palm systems increases for forested pixels within protected areas within re-zoned districts,

ceteris paribus. The recent trial moratorium on forest concessions in selected forests of

Indonesia was intended to demonstrate the nation’s ability to credibly reduce its rate of

forest conversion in the hopes of attracting REDD+ payments from other nations; however,

the results of this analysis suggest that this policy measure alone will not be sufficient to
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achieve such forest conversion reductions. Without a parallel policy to increase the security

of smallholder tenure, such a policy may simply serve to increase smallholder conversion.

The conditions that exist in forested regions of tropical nations often prevent optimal

management of this important source of local and global social benefits stemming from their

production of valuable ecosystem services. This research effort has shed light on how the

presence of heterogeneous drivers of forest conversion, acting in the absence of secure tenure,

leads to particular inefficiencies in the management of these valuable global resources through

inefficient spatial distribution of conversion. Additional research into how governments in

these regions might best allocate their limited resources to monitoring and enforcement,

development of missing institutions, and anti-corruption measures is necessary to ensure

that these areas are as well equipped as possible to mitigate and adapt to anthropogenic

climate change.
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8 Appendix

8.1 Simulation Study

To demonstrate the power of the nonparametric approach a simulation study is conducted
under conditions in which there is a strong spatial component present in the model. Specif-
ically the dependent variable is generated to satisfy the following conditional probability:

p(R = 1|X) = Φ([(I− ρW)−1[β0 + β1X
c + β2X

d]) (21)

when ρ = 0 the model collapses to the standard probit model and when ρ 6= 0 we have
the spatial probit model as discussed earlier in the paper. The continuous variable Xc is
generated as Xc = 4.5467 + u1σXc with σXc = 4.5038 and u1 ∼ N(0, 1). The continuous
variable is generated in this way to match the first and second moments of the road distance
variable in the data set. The binary variable is generated as Xd = I(c < u2) where u2 ∼
N(0, 1) and c is chosen so that the success rate for Xd matches that of the protected area
variable in the data set. The spatial-weighting matrix W is calculated using the latitude
and longitude coordinates found in the data. The degree of spatial correlation is set at
ρ = 0 and ρ = .75. Finally, the coefficients in the population model take the following
values: β0 = −0.3930, β2 = −0.000105342, and β3 = 0. These values produce a conversion
probability of .0578 which matches the overall success rate of smallholder convergence found
in the data. The population quantity under investigation is given by the following expression:

E[P (R = 1|Xc = µXc)] =
∑

Xd∈[0,1]

φ(µXc)f(Xd) (22)

where F (Xd) is the marginal density of the discrete variable evaluated at each point in the
support of Xd. Given that φ() is not a function of discrete variable by construction, the
expression in equation 22 simplifies to φ(µXc). The quantity in equation 22 is estimated as
follows: ∑

Xd∈[0,1]

φ̂(µXc , Xd)f̂(Xd) (23)

where φ̂(µXc , Xd) is the estimated conditional density of R conditional on Xc and Xd. f̂(Xd)
is the estimated marginal distribution for Xd. The bandwidth for the continuous variable
is chosen by the standard “rule of thumb” h = cσXcn−1/5. The bandwidth for the discrete
variable is given by λ = 0.15 The sample size for each simulation is set to equal 200, 400,
800, 1600, 3200, 6400, and 9767. The largest sample size corresponds to that observed in the
rezoned subsample in the data used in the empirical section of the paper. Varying the sample
size facilitates in the computation of the “realized” rate of convergence as presented in Hall
and Racine (2015). Hall and Racine (2015) show that the “realized” rate of convergence can
be obtained from the regression of log(RMSE) on log(n) and a constant, the coefficient on
log(n) gives the “realized” rate of convergence.

The simulation results are summarized by Figure 17 and Figure 18. Figure 17 shows that

15Ideally choosing bandwidth would be done via likelihood cross-validation but this significantly increases
computation time for even a small number of simulations.
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regardless of the degree of spatial correlation present, the nonparametric estimator’s mass
surrounds the population quantity as the sample size increases. Figure 18 computes the
realized rate of convergence for the nonparametric estimator verifying the graphical results.
The realized rate of convergence is -.41 when ρ = 0 and -.45 when ρ = .75. Recall that a
typical well-specified parametric estimator converges at the rate of n−.50. The nonparametric
estimator presented in this section has a rate of convergence “near” the parametric rate
without making any distributional or functional form assumptions.
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Figure 1: This figure illustrates the area of extant forest in the Sumatran Provinces of Jambi,
Riau, and West Sumatra in 1990, 2000, and 2008. The 11.7 million hectares of forest in 1990
are depicted by the bottom layer of the darkest pixels. The 8.6 million hectares of forest in
2000 are depicted in the middle layer of moderately colored pixels. The 4.3 million hectares
of forest in 2008 are depicted by the top layer of the lightest pixels.
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Table 1: Agroforestry Production Systems

Preferred Conditions Earliest Age
Product(s) Elevation Range Slope of Production (Yrs) Production Lifespan

Acacia Wood Pulp ≤ 400m ≤ 40% 5 5− 8 year rotation

Oil Palm Palm Oil, FFB ≤ 200m low slopes 3 3− 25 years

Rubber Latex, Timber n/a n/a 6 Timber harvest viable after 7 years

Note: Information about the Acacia production system was provided by plantation managers at Riaufiber’s Ukui plantation
in Riau Province on June 24th and 25th, 2010. Information about the Oil Palm production systems was provided by Dr.
Matius Suparmoko from Budi Luhur University in Jakarta, Indonesia. Information about the Rubber production systems was
provided by a representative from the House of Forest Inventory and Mapping Forestry Services of Jambi Province.
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Figure 2: This figure illustrates the districts that existed in the Sumatran Provinces of Jambi,
Riau, and West Sumatra as of 2008. The districts with the stipling were rezoned following
the end of Suharto’s reign and prior to the year 2000. The non-stipled districts maintained
their boundaries following the end of Suharto’s reign.
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Table 2: Percentage of 1990 forested area dedicated to plantation production by
2000

Plantation type Rezoned districts Non-rezoned districts Difference

Timber plantations 23.03 16.43 6.60∗∗∗

Agroforestry plantations 26.67 15.76 10.90∗∗∗

Total plantations 49.70 32.19 17.51∗∗∗

Note: The information on plantation area was provided by the Jakarta office of World
Wildlife Fund, Indonesia. The difference across the rezoned and non-rezoned districts
for each plantation category is significant at the 99% level.
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Figure 3: This figure illustrates the location of the 13,025 pixels located in the Sumatran
Provinces of Jambi, Riau, and West Sumatra that were utilized in this analysis. The districts
with the stipling were rezoned following the end of Suharto’s reign and prior to the year 2000.
The non-stipled districts maintained their boundaries following the end of Suharto’s reign.
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Table 3: Characteristics of Randomly-Selected Pixels

2008 Plantations 2008 Smallholders All Pixels
Elevation (10s m) 4.55 9.53 9.72

(4.70) (8.00) (11.34)

Slope (percent) 1.39 2.91 3.36
(1.75) (3.50) (5.04)

Square-root Soil Depth (mm) 52.71 36.31 47.92
(19.48) (10.73) (21.00)

Precipitation (m) 2.46 2.61 2.47
(0.15) (0.14) (0.15)

Forest Edge Distance (km) 0.73 0.37 1.30
(0.93) (0.44) (1.87)

Road Distance (km) 3.46 2.85 4.75
(3.39) (2.56) (4.78)

Settlement Distance (km) 14.02 14.65 17.26
(7.50) (8.20) (9.36)

Town Distance (km) 51.74 75.18 61.60
(21.62) (32.18) (33.72)

Protected Area 0.02 0.02 0.11
(0.13) (0.13) (0.30)

Riau Province 0.82 0.31 0.67
(0.39) (0.46) (0.47)

Jambi Province 0.17 0.57 0.25
(0.37) (0.50) (0.43)

Observations 2,128 706 13,025

Notes: Mean values for the various pixel characteristics are reported. The standard deviation
for each variable is reported in parentheses.
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Table 4: P-values under H0 : Pr[φ(R = k|X = x) = φ(R = k|X = x, β)] = 1 for some β ∈ Ω:

P-values under H0:

H0: Logistic Model
Rezoned Nonrezoned

0 0
H0: Multinomial Logistic Model
Rezoned Nonrezoned

0.005 0.0576

Table 5: Determinants of Smallholder Forest Conversion – Marginal Effects from
Nonparametric Model

Variable θ̂R θ̂NR θ̂R − θ̂NR

Elevation (10s m) -0.00041*** 0 -0.00041***
(0.00014) (0) (0.00014)

Slope (percent) 0 -0.00022*** 0.00022***
(0) (0.000045) (0.000045)

Square-root Soil Depth (mm) -.00000012** -.000000092 -.000000032
(.000000046) (.00000012) (.00000013)

Precipitation (km) 0.00016** 0.00024*** -0.000084
(0.000079) (0.000047) (0.000093)

Forest Edge Distance (km) -0.0033*** -0.018*** 0.0145***
(0.0009) (0.0034) (0.0035)

Road Distance (km) -0.00068 -0.0043*** 0.0036***
(0.00081) (0.0015) (0.0017)

Settlement Distance (km) -0.00034 -0.00084 0.00050
(0.00035) (0.00098) (0.0011)

Town Distance (km) -0.0013** 0.00045 -0.0017
(0.00056) (0.00098) (0.0012)

Protected Area -0.00032*** -0.016** 0.016**
(0.0001) (0.0073) (0.0073)

Riau Province 0.00078 .00000000083 0.00078
0.002374794 (.00000000052) (0.0024)

Jambi Province -.00000000013 -0.0015 0.0015
(.000000000062) (0.0023) (0.0023)

Notes: The binary dependent variable takes on a value of 1 if the pixel is converted from forest
to smallholder production (mixed vegetables, palm oil, rubber) between 2000 and 2008. The
unit of observation is a 30 meter by 30 meter pixel. Bootstrapped standard errors are reported
in parentheses. One, two, and three stars indicate 10 percent, 5 percent, and 1 percent signifi-
cance levels, respectively.



Table 6: Impact of a one standard deviation change in a X variable on conversion probability
relative to σy and its relative impact.

Variable Impact Rezoned Impact Nonrezoned Relative Impact
Forest Edge Distance (km) 0.027*** 0.15*** 5.46***
Road Distance (km) 0.014 0.091*** 6.36***
Protected Area 0.00051*** 0.025** 50.17**

Notes: The impact is defined as Ii =
∣∣∣σxθ̂i
σy

∣∣∣ for i = R,NR with the relative impact given by RI = INR

IR
.



Table 7: Determinants of Smallholder Forest Conversion – Marginal Effects from Nonparametric Model

Variable θ̂R θ̂NR θ̂R − θ̂NR

Mixed Vegetables Oil Palm Rubber Mixed Vegetables Oil Palm Rubber Mixed Vegetables Oil Palm Rubber
Elevation (10s m) .000084 .000029 -0.00058*** 0 0 0 0.000084 .000029 -0.00058***

(.000067) (.000037) (.000089) (0) (0) (0) (.000067) (.000037) (.000089)
Slope (percent) 0 0 0 -0.00012*** -.000084*** -.00007 0.00012*** .000084*** 0.00007

(0) (0) (0) (0.000038) (.000018) (.00004) (0.000038) (.000018) (.00004)
Square-root Soil Depth (mm) 0 0 0 .0000015*** .00000086** -.00000053 -.0000015*** -.00000086** .00000053

(0) (0) (0) (.00000059) (.00000034) (.0000013) (.00000059) (.00000034) (.0000013)
Precipitation (km) -.000041* .000075*** .000051* -.000061*** 0.0002*** .000042 .00002 -0.00012*** .0000097

(.000024) (.000018) (.000026) (.000014) (0.000035) (.00004) (.000028) (.000039) (.000047)
Forest Edge Distance (km) -0.00024* -0.00043 -0.0025*** -0.0092*** -0.017*** -0.0035 0.0089*** 0.017*** 0.001

(0.00027) (0.00045) (0.00075) (0.0023) (0.0023) (0.0042) (0.0023) (0.0024) (0.0042)
Road Distance (km) -0.00094 0.001** -0.0016* -0.0039*** 0.00019 -0.0012 0.003*** 0.00083 -0.00045

(0.00036) (0.0005) (0.00089) (0.00066) (0.00063) (0.00082) (0.00075) (0.00082) (0.0012)
Settlement Distance (km) -.000065 .000098 0.00012 0.00034 -0.00012 0.00056 -0.0004 0.00022 -0.00044

(.000097) (0.00014) (0.00019) (0.00038) (0.00053) (0.00046) (0.00039) (0.00055) (0.00049)
Town Distance (km) 0.00031 -0.0005 .000078 0.00028*** -0.00048*** -0.00018 .000025 -.000021 0.00026

(0.00023) (0.00032) (0.00043) (0.00012) (0.00014) (0.00016) (0.00025) (0.00036) (0.00046)
Protected Area 0.00011 -0.00054*** -0.0003** -0.0059*** -0.0035 -0.0039 0.006*** 0.003 0.0036

(0.00012) (0.00017) (0.00016) (0.0012) (0.0029) (0.0026) (0.0012) (0.0029) (0.0026)
Riau Province 0.00019 -0.0005 -0.0019 0 0 0 0.00019 -0.0005 -0.0019

(0.00044) (0.0015) (0.0017) (0) (0) (0) (0.00044) (0.0015) (0.0017)
Jambi Province -.0000000000034 -.00000000015** .000000000083 -0.017*** 0.047*** -0.0094 0.017*** -0.047*** 0.0094

(.0000000000097) (.000000000084) (.000000000097) (0.0032) (0.0045) (0.0056) (0.0032) (0.0045) (0.0056)

Notes: The dependent variable takes on a value of 1 if the pixel is converted from forest to mixed vegetables, 2 if the pixel is converted from forest to palm oil, and 3 if the pixel is converted from forest to rubber
between 2000 and 2008. The unit of observation is a 30 meter by 30 meter pixel. Bootstrapped standard errors are reported in parentheses. One, two, and three stars indicate 10 percent, 5 percent, and 1 percent
significance levels, respectively.



Table 8: Optimal bandwidths

Variable Rezoned Binary Nonrezoned Binary Rezoned Multinomial Nonrezoned Multinomial
Conversion 0.004978 0.007035 0.006068 0.002690417
Elevation (10s m) 4.849292 5803284 4.660013 14126876
Slope (percent) 241937.6 14.56792 8634276 12.96612
Square-root Soil Depth (mm) 3913.265 4037.282 2.06E+09 735.6182
Precipitation (km) 8.114753 31.11524 14.22329 27.19997
Forest Edge Distance (km) 0.598021 0.372101 0.556142 0.3302201
Road Distance (km) 0.732302 0.969444 0.643734 1.469367
Settlement Distance (km) 1.740777 1.328149 1.917934 1.875208
Town Distance (km) 1.173106 1.164772 0.961956 6.738671
Protected Area 0.40647 1.34E-08 0.286149 0.008374736
Riau Province 7.20E-08 0.5 1.52E-07 0.5
Jambi Province 0.5 0.107874 0.5 4.43E-07
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Figure 4: Impact of forest edge distance on conversion probabil-
ity.

Figure 5: Impact of forest edge distance on estimated marginal
effect.

Figure 6: Impact of road distance on conversion probability. Figure 7: Impact of road distance on estimated marginal effect.
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Figure 8: Impact of forest edge distance on mixed vegetable
conversion probability.

Figure 9: Impact of forest edge distance on mixed vegetable
estimated marginal effect.

Figure 10: Impact of forest edge distance on oil palm conversion
probability.

Figure 11: Impact of forest edge distance on oil palm estimated
marginal effect.
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Figure 12: Impact of road distance on mixed vegetable conver-
sion probability.

Figure 13: Impact of road distance on mixed vegetable estimated
marginal effect.

Figure 14: Impact of road distance on oil palm conversion prob-
ability.

Figure 15: Impact of road distance on oil palm estimated
marginal effect.
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Figure 16: Model specificity and sensitivity.
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(a) ρ = 0

(b) ρ = .75

Figure 17: Monte Carlo distribution for estimator
∑

Xd∈[0,1] φ̂(µXc , Xd)f̂(Xd) for ρ = 0 and
ρ = .75.
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(a) ρ = 0

(b) ρ = .75

Figure 18: Realized rate of convergence for ρ = 0 and ρ = .75.
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