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Abstract

We estimate the effects of neighbors’ deforestation actions on indi-
viduals’ deforestation decisions in Costa Rica. We find evidence that
neighbors’ effects are positive and significant. To address simultane-
ity and spatially correlated unobservable factors, we instrument for
neighboring deforestation using neighboring land parcel characteris-
tics. Under the presence of interactions, local forest levels and the
country’s forest spatial pattern change. Policies that promote agricul-
tural development or forest conservation in a specific area also affect
deforestation rates in non-targeted neighboring areas. Moreover, pos-
itive interactions create conditions for multiple equilibria. This could
affect the country’s stock of forest and could justify intervention to
reach Pareto dominant deforestation outcomes.
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1 Introduction

Rural areas of developing countries contain almost the entire stock of the
world’s tropical forest. The poverty levels in these areas and the world
demands for forest conservation have generated discussions concerning the
determinants of deforestation and the appropriate policies for conservation.
In the rural development context, interdependency of neighbors’ actions have
been shown to be a key factor of individuals’ decisions (see Conley and Udry
2001 and Fafchamps 1999). We consider the interdependency of neighbors’
deforestation actions in a development economy.

We measure neighbors’ interactions in deforestation decisions on pri-
vately owned land in Costa Rica. Interactions have two immediate conse-
quences. First, these externalities can affect the efficiency and optimality
of market outcomes (Moffit 2002; Cooper and Johns 1988; and Brock and
Durlauf, 2001). Second, exogenous shifts in the determinants of individual
choices can have expansionary effects (Moffit 2001; and Durlauf 2001). The
way these effects propagate in a population, or across space, needs to be
considered in policy design (Durlauf, 2001).

Measuring neighbors’ interactions has been shown to be a difficult task
(Manski 1993, Brock and Durlauf 2001, Bayer and Timmins 2003, Conley
and Topa 2002, Glaeser and Scheinkman 2001, Moffitt 2001). The challenge
for identifying such effects is that there are other reasons why neighbors
behave similarly. Neighbors can have similar unobservable characteristics
or can be affected by the same unobservable neighborhood and neighbor
characteristics (Manski 1993). Furthermore, if interactions do in fact exist,
that individuals affect their neighbors while their neighbors simultaneously
affect them also biasses the estimation (Manski 1993 and Moffit 2001).

Many alternative approaches to identification have been proposed and
the conditions in which they can be applied vary. Some applications of these
estimation procedures have focused on: education (Crane 1991, Evans et
al. 1992); employment (Conley and Topa 2002, Topa 2001); crime (Glazer,
Sacerdote and Scheinkman 1996); and migration (Munshi 2003). In land use,
interactions have focused on spatial externalities in residential development
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(Irwin and Bockstael 2002) and on information networks that may affect
technology adoption in agriculture (Conley and Udry 2001, Case 1992). We
focus on spatial interactions in tropical deforestation.

Deforestation has been extensively studied, and in greater spatial speci-
ficity as Geographical Information Systems (GIS) have become widely avail-
able. Empirical research has considered what determines the presence of
forest at a point in time using highly disaggregated spatial data, and anal-
ogously what determines the quantity of forest at a point in time within
larger areas such as counties. Forest changes over time have also been stud-
ied, both using highly disaggregated spatial data, and within larger areas1.
These studies have provided evidence for the effects on deforestation of ge-
ographic characteristics, such as rain, soil, slope and type of vegetation, as
well as socioeconomic characteristics, such as population, roads, distance to
markets and distance to cities. Controlling for such factors, and using highly
disaggregated spatial data, we show that neighbors’ clearing decisions are
an additional determinant of forest changes.

For deforestation, effects of neighbors’ choices may exist for both agri-
cultural and environmental reasons. Each set of reasons can be further clas-
sified into those that induce individuals to take the same action – “strategic
complementarity” – and those that induce individuals to do the opposite,
–“strategic substitutability” (Cooper and John 1988).

Agricultural strategic complementarities include farmers who as a group
can improve their bargaining positions both for buying inputs for clear-
ing land and for selling outputs produced on cleared land. An example
of environmental amenities featuring strategic complementarities is when
one locale’s decision to maintain forest for tourist activities is supported by
neighboring locales also maintaining forest. Such is the case of 50 communi-
ties in Costa Rica that have engaged in rural tourism activities conserving
their forests (La Nacion January 18, 2004)).

1For examples of all these types of analyses, see Stavins and Jaffe 1990, Copper and
Griffiths 1994, Chomitz and Gray 1996, Nelson and Hellerstein 1997, Pfaff 1999, Geoghe-
gan et al. 2001, Sernels and Lambin 2001, Anderson et al. 2002 and Kerr Pfaff and
Sanchez 2003.
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The construction, following deforestation, of 185 condominiums next to
an eco-tourism site in Playa Grande (Prensa Libre, September 28, 2002) is
an example of environmental amenities that feature strategic substitutabil-
ity. Tourism firms have incentives to use land near forest for installations
such as hotels, golf courses and other facilities. Agricultural strategic sub-
stitutability could arise from reduced local output prices following neighbor
clearing and production of agricultural goods.

We estimate neighbors’ deforestation net effect on individuals’ defor-
estation decisions. Our estimations are based on a spatially explicit land-
use model with local interactions. We modify the Brock and Durlauf 2001
model to implement a probit specification with overlapping neighborhoods.
We apply a two-stage probit least squares procedure (Maddala 1983) for
a system of two simultaneous equations that explain individuals’ discrete
deforestation decisions and neighborhood deforestation. We then find the
deforestation equilibria using the explanatory variables and our parameter
estimates.

We use neighbors’ slopes as an instrument for neighbors’ deforestation.
Instrumenting for neighbors’ actions using exogenous neighbor characteris-
tics addresses both simultaneity and spatially correlated unobservable effects
(Moffit 2001). While spatially correlated unobservable characteristics, such
as regional policies or unobservable local shocks, may lead neighbor and in-
dividual decisions to be correlated, these unobservable factors do not affect
neighbors’ exogenous characteristics such as neighbors’ slopes.

The independence between the instrument and unobservable deforesta-
tion drivers is the key to the estimation. Neighbors’ distances to local roads,
for instance, may well explain neighbors’ clearing, but it may also reflect the
unobservable abundance of roads in the neighborhood, which by itself may
lead the individual to clear. We feature neighbors’ slopes because this vari-
able not only significantly affects neighbors’ deforestation decisions but also
can be characterized as exogenous. However, we additionally control for
many important parcel and neighborhood characteristics to minimize the
chance that unobservable variables would bias our results.

Costa Rica is a good case for empirical exploration of this issue due to its
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topographic and ecological variation, even across relatively small areas, and
the availability of spatially explicit social and economic information. We
use GIS deforestation information developed in Pfaff et al. 2000. We also
use maps with information about the location of towns, sawmills, schools,
rivers, roads, cities and ports. Finally, we use slope information as well as
Holdridge Life Zones.

Using the average of neighbors’ slopes as an instrument for neighborhood
deforestation, we find that the interaction coefficient is positive and signifi-
cant, even when controlling for parcel and neighborhood characteristics. An
increase of 1% in neighboring deforestation increases the probability of de-
forestation by almost half of a percent in the direct marginal effect alone
(ignoring the feedback among clearing decisions). We find this result to
be robust to changes in specification and to changes in the definition of
neighborhood. It is also supported by results using neighbors’ life zones as
instruments.

These results suggest that interactions should be considered in predicting
deforestation over space and time, for instance when considering the effects
of infrastructure investments on frontiers or when developing spatially spe-
cific baselines for deforestation within international treaties. Laboratory
evidence on choice in the presence of spatial interactions created by spa-
tial incentive policies has shown the potential importance of these results in
habitat conservation (Parkhurst et. al. 2002).

The effects of policies that encourage a specific activity such as forestry
or agriculture can propagate across space. Using our parameter estimates,
we show how an agricultural policy in one province would affect forest clear-
ing in neighboring provinces. Such spillovers clearly can affect the optimal
spatial policy.

Another implication of such interactions is that multiple equilibria could
arise. The same forested area could have significantly different deforestation
rates. One may be Pareto dominant and decentralized private choices do not
assure that this would be the outcome. Interventions to “tip the balance”
towards a Pareto dominant deforestation rate may be worthwhile.

In Section 2 we develop a model that combines theories concerning land-
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use and social interactions. In Section 3, we describe the data. We present
our empirical strategy in Section 4. In Section 5, we present our results.
Finally, we conclude in Section 6.

2 A spatial deforestation model with local inter-

actions

We consider an endowment of land L ⊂ R2 covered by forest. This en-
dowment is partitioned into n connected parcels. We assume that forest
land has well defined property rights and it is in private hands. Each par-
cel, Li, is managed by an agent, i, who maximizes its profits. Each agent
chooses discretely between possible actions that lead to alternative land
uses in the parcel. We denote the action taken by agent i as ai. Agent i

decides between: keeping forest, ai = 0, or adopting an alternative land use,
ai = 1. Deforestation in region L is, then, described by the action profile
a = {a1, a2, ..., an}.

Following Brock and Durlauf (2001), agent i’s profits πi(a) are composed
by three separable elements: private characteristics’ effects; neighbors’ ef-
fects; and a random profit shock. Agent i’s private characteristics are con-
tained in the vector xi. Private characteristics’ effects on profits are linear
and depend on the action taken by the individual. The vector of coefficients
β0 maps private characteristics to profits when the individual maintains
forest, ai = 0, and β1 maps private characteristics to profits when the in-
dividuals clears, ai = 1. It is necessary to make the distinction between
private characteristics effects when clearing and when keeping forest. Rainy
local climate conditions, for instance, affect private profits positively when
the land is used for agricultural production and negatively when the land is
covered by forest and used for recreation.

The random profit shock εi(ai) represents characteristics only observed
by the individual. The shock varies according to the action. Individuals’
knowledge of agriculture, for instance, has a positive effect on profits if i

decides clearing and producing. However, this characteristic has no effect if

6



i decides to maintain forest.
Neighbors’ decisions also affect profits. There are four different effects of

neighbors’ actions on profits: the effect of neighbors clearing when agent i

is clearing, ρ11; the effect of neighbors keeping forest when i is clearing, ρ10;
the effect of neighbors clearing when i is keeping forest, ρ01; and the effect
of neighbors keeping forest when i is keeping forest, ρ00. Table 1 describe
situations generating these type of externalities.

We defined agent i’s neighborhood, Bi ⊂ R2, as:

Bi = {l ∈ L : l 6∈ Li and d(l, li) < r for any li ∈ Li}

where d denotes the euclidian distance operator and the real number r rep-
resents the maximum distance at which individuals relate. The set of agent
i’s neighbors is:

Ni = {j ∈ N : Lj ∩Bi 6= ∅}.

Neighbors’ externalities, when entering the profit function, are normal-
ized by the amount of land each neighbor owns in agent i’s neighborhood.
The percentage of j’s land inside Bi is described by

wij =
|Lj ∩Bi|
|Bi|

.

We denote w−i as (wi1, wi2, ..., wi,i−1, wi,i+1, ..., win). Then the fraction of
i’s neighborhood being cleared is expressed by w−ia

′
−i and the fraction of i’s

neighborhood with forest is expressed by (1 − w−ia
′
−i), where a−i as usual

represents the vector of actions of all agents but i.
We can express profits when agent i chooses to maintain forest as:

πi(0, a−i) = xiβ0 + ρ01w−ia
′
−i + ρ00(1− w−ia

′
−i) + εi(0)

and when i chooses to clear as:

πi(1, a−i) = xiβ1 + ρ11w−ia
′
−i + ρ10(1− w−ia

′
−i) + εi(1).
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Actions are taken simultaneously. Hence, agents form beliefs about each
others’ actions. Agent i’s expectation of agent j’s action is denoted by αi,j .

Agent i clears if expected profits of clearing are larger than the expected
profits of maintaining forest:

πi(1, α−i)− πi(0, α−i) > 0. (1)

where α−i is the vector (αi,1, αi,2, ...αi,i−1, αi,i+1, ..., αi,n). We can rewrite
Condition 1 as:

xiβ + (ρ1 + ρ0)w−iα
′
−i − ρ0 + εi > 0,

where ρ1 = ρ11 − ρ01, ρ0 = ρ00 − ρ10, β = β1 − β0 and εi = εi(1) − εi(0).
The difference of the shocks, εi, is assumed independent and identically
distributed for each i.

The probability that agent i takes action ai = 1 can be expressed by:

Prob{ai = 1|α−i} = Prob{xiβ + (ρ1 + ρ0)w−iα
′
−i − ρ0 > εi}

where the probability function depends on the assumption of the distribution
of εi. We let F be the continuous cumulative distribution function of εi so
that,

Prob{ai = 1|α−i} = F (xiβ + (ρ1 + ρ0)w−iα
′
−i − ρ0). (2)

We can now define the expected action of agent i as:

E(ai) = F (xiβ + (ρ1 + ρ0)w−iα
′
−i − ρ0).

Following Brock and Durlauf (2000), we impose rational expectations.
This implies that agent i’s beliefs about agent j’s action equals j’s expected
action. Formally,

αi,j = E(aj) ∀j 6= i and ∀i.
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The equilibrium can be find then by solving the set of equations:

E(ai) = F (xiβ + (ρ1 + ρ0)
∑
j 6=i

wijE(aj)− ρ0) ∀i

which form a continuous mapping from [0, 1]n to [0, 1]n. By Brouwer’s fixed
point theorem, there exists a solution to the system of equations, which
proves Proposition 1.2

Proposition 1 There exists a set of self-consistent expectations in the spa-
tial deforestation model with local interaction. 2

Specifying the functional form of F is crucial for the empirical imple-
mentation of the model. Brock and Durlauf (2000) assumes that εi has an
extreme-value distribution, which implies that the probability function is lo-
gistic. We choose a standard normal probability distribution function. This
function satisfies all the conditions for existence of an equilibrium.

When the system is in equilibrium, all individuals’ beliefs about neigh-
bors’ actions generate the mathematical expectation of their neighborhood
deforestation. This allows us to use actual neighborhood deforestation to
estimate interactions.

3 Data

We empirically analyze deforestation in Costa Rica. Our data sources are:
the 1984 Agricultural Census from the National Institute of Statistics and
Censuses; satellite pictures of forest developed by the Tropical Scientific
Center; and other geographic information from the Ministry of Transport
and the Geographic Information Systems Laboratory at the Costa Rican
Institute of Technology. These highly precise data are ideal for measuring
spatial interactions on deforestation.

Census variables, disaggregated at a district level, contain information
about type and size of land ownership. Satellite pictures, taken in 1986

2We follow the argument developed by Brock and Durlauf 2001.
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and 1997, describe the presence of forest in discrete fashion within 30m2

grids across Costa Rica. The rest of the geographic information details the
location of sawmills, towns, schools and roads, and characterizes the country
by slopes and ecological zones.

We randomly draw ten thousand parcels from across the 51000 square
kilometers that constitute Costa Rica’s total area (see Figure 1). In spite of
its precision, information from satellite pictures has its disadvantages. Some
parcels were covered by clouds when the images were recorded. Specialists,
also, pointed out areas in which forest pictures are inconclusive due to other
seasonal weather conditions. We omit these parcels from the analysis.

We focus on forest clearing. Thus, we consider only parcels covered
by forest at the start of the period. These parcels represent 47% of the
total sample in 1986 (see Table 2). We do not consider parcels in national
parks or government conservation areas as they are protected from clearing
(see Figure 1). These areas constitute 32% of the total sample in 1994.
Information about protected areas was obtained from the 1999 Conservation
Area Map of the National System of Conservation Areas.

In Table 2, we provide statistics for the presence of forest in 1986 and
1997 and the deforestation and reforestation during those years. We also
present statistics for the distances from parcels to ports, cities, towns, roads,
schools and cleared areas. We find these distances by calculating the mag-
nitude of the shortest line between the parcel and any of these objects.
Additionally, we present descriptive statistics about the number of farms
and their total area, by district, which allows us to compute district average
farm size.

Parcels are classified in 12 ecological zones according to Holdridge Life
Zone criteria (see Table 2). These zones reflect precipitation and temper-
ature. Slope of the terrain are also available. These variables characterize
the ecological conditions of the parcel that are likely to affect the likelihood
of deforestation.
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3.1 Defining Neighborhoods and Neighbors

Definitions of neighborhoods and neighbors in the literature are as numer-
ous as the type of interactions that have been studied. It is common to
define neighborhoods using political divisions such as provinces, counties or
districts. We, however, focus on neighborhoods defined by distances alone,
regardless of political boundaries. We define an empirical neighborhood as
the maximum distance at which individuals relate. This distance is denoted
by r. Any two parcels separated by a distance smaller than r are considered
to be neighboring parcels.

In Table 3, we present the mean and the standard deviation of the num-
ber of neighbors for different neighborhoods. We chose r equal to 10km. This
distance generates a neighborhood significantly larger than an average-sized
farm. It is also consistent with results concerning the distances at which
decisions appear to be spatially correlated3. This neighborhood definition
can also be tested for robustness using alternative maximum distances as
well as using a cutoff distance c to drop nearby parcels that could belong
to the same farm. We calculate c using the average farm size in the district
which we obtain from the Agricultural Census. To be conservative, we as-
sume that the farm has the average size and is rectangular with a length
equal to four times its width. We then drop from the set of neighbors all
points within a circle that has radius equal to the length of this farm.

In Table 3, we present descriptive statistics of neighbors’ characteristics,
dropping observations without neighboring points in the sample. All neigh-
bor information is based on the sample of points that we have drawn. We
find the percentage of neighbors that have chosen to clear forest. To cal-
culate neighbors’ slope, we average neighboring parcel’s slopes. Moreover,
we obtain the percentage of neighbors that belong to each of the ecological
zones. In our empirical strategy below, neighbors’ characteristics are used
as instruments for neighbors’ deforestation actions.

We also present statistics for neighborhood characteristics. We find the
3This tests are based on Conley and Topa 2002’s Spatial Autocorrelation Function (see

Figure A.1).
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number of schools, large towns and sawmills in each parcel’s neighborhood.
Additionally, we calculate the length of national and local roads as well as the
cleared land fraction within the neighborhood. We use these neighborhood
characteristics to help control for local similarities in deforestation decisions
that are not driven by spatial interactions.

4 Empirical Strategy

Two simultaneous equations explain agents’ behavior in our model. The
first equation reflects the effects of private characteristics, neighborhood de-
forestation and random shocks on the individual’s probability of deforesting.
In equilibrium and assuming that ε is normally distributed, we can express
Equation (2) as

Prob(ai = 1) = Φ(xiβ + (ρ1 + ρ0)
∑
j∈Ni

wijΦj − ρ0), (3)

where Φ represents the normal cumulative distribution function and Φj rep-
resents the probability that agent j deforests.

The second equation of the system determines the expected deforestation
in agent i’s neighborhood :∑

j∈Ni

wi,jΦj =
∑
j∈Ni

wi,jΦ(xjβ + (ρ1 + ρ0)
∑
k∈Nj

wjkΦk − ρ0). (4)

Equation 3 and Equation 4 are simultaneously determined. Intuitively,
the individual’s land-use choice influences neighbors’ choices, which, in turn,
affect the individual’s choice itself.

4.1 Probit two-stage estimation method (2SPLS)

We use the probit two-stage estimation method (Maddala 1983) specially
constructed to deal with a system of two equations with a discrete depen-
dent variable (individual’s decison) and an endogenous explanatory variable
(neighbors’ decisions). In essence, we estimate the interaction parameter by
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using only the component of neighbors’ deforestation that is determined by
exogenous factors.

The first stage consists in exclusively using exogenous neighbors’ char-
acteristics and exogenous individuals’ characteristics4 to predict neighbors’s
decisions using a linear specification,

w−ia−i = Π1

∑
j∈Si

(wi,jxj) + Π2xi + µi

where Π1 and Π2 are the reduced form coefficients to be estimated. As noted
earlier, neighbors’ characteristics are measured using the set of sampled
parcels, Si, within i’s neighborhood.

We use the estimated reduced form coefficients, Π̂1 and Π̂2 , and all the
exogenous variables to predict neighborhood deforestation values, ŵa.

In the second stage we substitute for neighborhood deforestation using
its predicted values. We, then, estimate the interaction coefficient ρ, defined
by ρ1 + ρ0, from

Prob(ai = 1) = Φ(xiβ + ρŵa− ρ0)

by standard likelihoods methods. To correct the standard errors we use a re-
cent finding on Non-Linear Least Square methods that allows to consistently
compute the t-statistics (Luchetti, 2003) in probit models with endogenous
variables.

4.2 Identification of neighbors’ effects and 2SPLS

The empirical identification of neighbors’ interactions has been widely dis-
cussed in economics (e.g., Brock and Durlauf 2001, Glaeser and Scheinkman
2001, Maskin 1993, Moffitt 2001, Bayer and Timmins 2003, Irwin and Bock-
stael 2002). Three issues make measuring neighbors’ effects highly challeng-
ing: simultaneity; spatially correlated unobservable variables; and endoge-

4Adding exogenous individuals’ characteristics improves efficiency in the estimation.
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nous group formation5.

4.2.1 Simultaneity

Simultaneity is present in the estimation of interaction effects in any appli-
cation. If agent i is affected by agent j, then agent i also affects j’s decision,

j ∈ Ni ⇒ i ∈ Nj .

This two-directional process biases the estimation. If it is not addressed,
the estimate of the interaction coefficient would reflect not only the effect
of agent j’s action on i’s decision, but also the effect of i’s decision on j’s
action.

We eliminate this effect using the 2SPLS method. The individual’s deci-
sion affects neighbors’ decisions but not neighbors’ characteristics, and thus
simultaneity is not a problem for the exogenous component of the neighbors
decisions that we use to identify local interactions.

4.2.2 Spatially correlated unobservable variables

Another important issue is that we can not observe every individual and
parcel characteristic that affects clearing choices. Some of these unobserved
factors are likely to be spatially correlated. In that case, the estimation
of the interaction term ρ using neighborhood deforestation rate w−ia

′
−i is

inconsistent. What might then appear to be effects of neighboring choices on
individuals’ choices could simply be the result of spatial correlation between
unobserved drivers such as components of soil quality or agricultural policies
in which locals base their decision but we do not observe.

This issue can also be addressed using 2SPLS. Unobservable factors that
are spatially correlated do in part drive the deforestation decisions of neigh-
bors, but do not affect their exogenous characteristics. We believe neighbors’
slopes of the terrain are uncorrelated with key and perhaps spatially corre-

5Moffitt 2001 groups the possible problems estimating social interactions in these three
categories in his extensive survey on social interactions.
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lated unobservable factors such as local policies, economic conditions, and
production shocks.

4.2.3 Endogenous group formation

Furthermore, we acknowledge that individuals with similar characteristics
and behavior choose to locate near to each other in some settings. The re-
sult could be that neighbors end up taking similar deforestation decisions
not because their actions reinforce each other but because they have sim-
ilar unobserved characteristics. This issue is known as endogenous group
formation and it can be considered as a special case of spatially correlated
unobservable variables (Moffitt 2001).

As just discussed for the general case of spatially correlated unobservable
drivers, endogenous group formation can be addressed by using the exoge-
nous component of neighbors decisions that are driven by their exogenous
characteristics. Spatially correlated unobservable do not affect our estima-
tion as long as they are uncorrelated with the instruments. We discuss the
potential violation of this requirement below.

4.3 Challenges of 2SPLS

There are two key properties that the instrument should meet for estima-
tion: (1) significantly affect neighbors’ deforestation decisions and (2) be
orthogonal to the errors, ε. It is clear that neighbors’ slopes of the terrain
affect neighbors’ deforestation decisions, satisfying property (1). This can
be seen in the first stage results.

However, we cannot conclude a priori that property (2) is satisfied. Cor-
relation between unobservable deforestation drivers and the instrument can
occur. There might be unobservable factors that cause parcels’ deforesta-
tion and are, at the same time, correlated to neighbors’ characteristics. For
example, we could use the average of the neighbors’ minimum distance to
a local road as an instrument. This may well proxy successfully for the
neighbors’ clearing actions. However, it may also reflect the unobservable
abundance of roads in the neighborhood, which by itself may lead the in-
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dividual to clearing. Using this as an instrument could represent as an
interaction something which is just an unobservable driving factor.

We choose our instrument, neighbors’ slopes, with the objective of elim-
inating the correlation with unobservable drivers. However, we additionally
use a number of controls. These controls include parcels’ characteristics
such as parcel’s slope, parcel’s ecological zone, distance to the closest na-
tional and local roads, distance to the cities, ports, sawmill and schools; and
neighborhood characteristics such as length of national and local roads, and
the number of main towns, sawmills and schools within the neighborhood.

5 Results

We present the estimates of the interaction parameter (ρ) in Table 4. For
our binary dependent variable, the Two-Stage Probit Least Square (2SPLS)
approach described in Section 4 allows us to instrument for neighbors’ de-
forestation. We present results using neighbors’ slopes as an instrument6.
We find that the interaction coefficient is positive and significant, even when
controlling for parcels’ and neighborhood characteristics7 (second column).

Table 4 also presents marginal direct effects. These include only the
immediate marginal effects of neighborhood deforestation on individuals’
choices, ignoring the effect that these choices in turn have on neighborhood
deforestation, which in turn affect individuals again. When using both parcel
and neighborhood characteristics as controls, an increase of 1% in neighbor-
ing deforestation increases the probability of deforestation by almost half of
a percent in terms of this direct effect alone.

5.1 Robustness Tests

In Table 5, we present variations on the 2nd column of Table 4 to test the
robustness of this result. A first test concerns the sample of neighbors in-

6Regression results are displayed in the Appendix and the sets of controls in Tables 2
and 3.

7The corrected t-statistics are calculated using a new finding that allows consistent
estimation with Non-Linear Least Square procedures (Luchetti, 2003).

16



cluded. From the set of neighboring observations, we drop those that are
quite nearby to the parcel. We choose these observations based on calcula-
tions of average farm size from agricultural census data. This should avoid
using one’s own clearing behavior as one of the neighboring observations.
In the second column of Table 2, we show that the evidence of positive and
significant spatial interactions still holds8.

In the third column, standard probit results show how significant inter-
actions would appear if we don’t address endogenity. This is also the case in
the linear specification without correction for endogeneity seen in the fourth
column, which can be compared with the linear instrumented result in the
fifth column that confirms a positive and significant interaction.

Neighbors’ Biological Zones is another instrument that could satisfy the
desirable conditions for an instrument: predictor of neighbors’ deforestation,
which we confirmed in the first stage; and seemingly exogenous a priori9.
Estimates using this second instrument confirm positive significant interac-
tions (sixth column). However, we feature neighboring slopes and use this
result only as a robustness check due to the discrete categories in the mea-
sure of the ecological characteristics of neighbors’ parcels. Within any given
category, there could be unobserved variation in continuous characteristics.
These unobserved variations can be correlated with neighbors’ ecological
zones and bias the interaction estimates.

5.2 Equilibrium Outcomes

We find the equilibrium of the model using the parameter estimates from
the 2SPLS model with neighboring slopes as instruments. We find the ra-
tional self consistent expectations of deforestation in equilibrium and show
the estimated deforestation probabilities for each parcel. This computa-
tion assumes that shocks are distributed as an standard normal and that

8The sample size is slightly smaller in this regression because for six observations this
robustness test drops all of the neighboring parcels. In these cases, we cannot compute
the instrument

9Additionally, this variable, just like neighbors’ slopes, is insignificant in a regression of
one’s own deforestation on neighboring deforestation and own parcel characteristics, i.e.
passes that form of exclusion restriction test for having a direct effect.
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all observable characteristics are considered in the model. The equilibrium
probabilities of deforestation under interactions show spatial clustering of
high pressure areas (See Figure 2).

Evidence of interactions imply that the effects of changes in an indi-
viduals’ incentives to deforest expand over space. We show the changes in
the probabilities of deforestation when a policy that promotes clearing is
implemented in a province. The model that does not consider interactions
project changes only within the directly targeted province (Figure 3) . The
interaction model shows spillover effects in the new equilibrium affecting
deforestation rates in neighboring provinces (Figure 4) .

Given a positive and significant estimate, another issue that should be
considered is that multiple equilibria might arise. The same forest area
could have very different deforestation rates depending on the equilibrium.
Further, one of the equilibrium deforestation rates could be pareto domi-
nant and decentralized decisions do not assure that the best deforestation
outcome is obtained. A priori, our estimated coefficients could generate mul-
tiple deforestation outcomes. However, for these initial estimates, thousands
of initial beliefs yield a single self-consistent equilibrium (shown in Figure
2).

6 Conclusions

We use a Two-Stage Probit Least Squares method to estimate neighbors
interactions in deforestation decisions. We use neighbors’ slopes as an in-
strument. We find evidence that spatial interactions are positive. This is
robust to a set of variations on the specification and to correcting the set of
neighbors included. It is also supported by evidence generated using cate-
gories that summarize neighboring parcels’ ecological characteristics as an
instrument.

These results suggest that the effects of changes in landowners’ incen-
tives expand over space and that multiple deforestation equilibria could
arise. This has implications for both environmental and agricultural poli-
cies. Policies that promote agricultural development in a specific forest area
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would also affect deforestation rates in surrounding forest areas. Multiple
equilibria might justify intervention to reach Pareto dominant land use out-
comes.

Further research might focus on the separation of the mechanisms in
which these interactions take place. This would contribute to drawing wel-
fare implications in the presence of interactions.
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Strategy Neighbor’s Payoff Process

Conserving forest for rural
Forest Forest ρ00 tourism worthwhile when others

are also keeping forest

Clearing based on better
Clearing Clearing ρ11 bargaining position for better

prices when others are also clearing

Deforesting to build Hotels
Clearing Forest ρ10 for Eco-Tourists when neighbors

maintain forest

Forest when neighbors
Forest Clearing ρ01 are clearing and

local Ag. prices low

Table 1: Local Interaction Processes
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Source Standard Sample
Variable Name

Date
Mean

Deviation Size

Full Sample Forest in Parcels

Forest 1986 (d) 1986 0.47 0.50 8830
Deforested during 86-97 (d) 86-97 0.03 0.18 8830
Reforested during 86-97 (d) 86-97 0.02 0.14 8830
Forest 1997 (d) 1997 0.46 0.49 8830
Within a National Park (d) 1999 0.32 0.46 8830
Privately Owned Forest in 86 (d) 1986 0.21 0.40 8830

Sample: 1986 Privately owned Forest Parcels Parcel’s Decision

Parcel Deforested by 1997 (d) Y 86-97 0.13 0.33 1882

Parcels’ Characteristics

Distance to San Jose (Km) DSJ S 96.96 48.93 1882
Distance to Caldera (Km) DCA S 114.07 54.07 1882
Distance to Limon (Km) DLI S 150.92 81.02 1882
Distance to Local Roads (Km) DLR 1985 2.42 2.11 1882
Distance to National Roads (Km) DNR 1985 4.14 3.86 1882
Distance to Sawmills (Km) DTS 1999 18.70 10.84 1882
Distance to Main Towns (Km) DMT S 20.77 12.89 1882
Distance to Schools (Km) DTE 2000 15.32 9.84 1882
Distance to Forest Frontier (Km) PTC 1986 0.23 0.32 1871
Slope (Degrees) SDA S 6.22 7.12 1882

Parcels’ Biological Zones

Humid Pre-Montane (d) EZ1 S 0.06 0.25 1882
Humid Lower-Montane (d) EZ2 S 0.003 0.05 1882
Tropical Humid (d) EZ3 S 0.23 0.42 1882
Very Humid Pre-Montane (d) EZ4 S 0.25 0.43 1882
Very Humid Lower-Montane (d) EZ5 S 0.02 0.15 1882
Very Humid Montane (d) EZ6 S - - 1882
Tropical Very Humid (d) EZ7 S 0.29 0.45 1882
Tropical Dry (d) EZ8 S 0.02 0.14 1882
Pluvial Pre-Montane (d) EZ9 S 0.06 0.24 1882
Pluvial Lower-Montane (d) EZ10 S 0.02 0.14 1882
Pluvial Montane EZ11 S 0.005 0.07 1882
Paramo (d) EZ12 S - - 1882

Districts Districts’ characteristics

Number of Farms 1984 245.62 226.40 415
Land in Farms (Hectares) 1984 7398.50 11500.09 415

Table 2: Statistics
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Standard Sample
Variable r Mean

Deviation Size

Neighborhoods

Number of sampled neighbors 10km 18.20 9.37 1882
Number of sampled neighbors 5km 5.58 3.46 1882
Number of sampled neighbors 15km 35.63 17.10 1882
Number of sampled neighbors 20km 56.31 25.96 1882
Number of sampled neighbors (c*) 10km 17.68 9.13 1882

Neighborhood: r=10km Neighbors’ Characteristics

Neighbors’ Deforestation w−ia−i 0.13 0.15 1877
Neighbors’ Slope NSL 6.31 5.57 1877
% of Neighbors’ in EZ1 NEZ1 0.06 0.25 1877
% of Neighbors’ in EZ2 NEZ2 0.003 0.05 1877
% of Neighbors’ in EZ3 NEZ3 0.22 0.42 1877
% of Neighbors’ in EZ4 NEZ4 0.25 0.43 1877
% of Neighbors’ in EZ5 NEZ5 0.02 0.15 1877
% of Neighbors’ in EZ6 NEZ6 - - 1877
% of Neighbors’ in EZ7 NEZ7 0.30 0.45 1877
% of Neighbors’ in EZ8 NEZ8 0.02 0.14 1877
% of Neighbors’ in EZ9 NEZ9 0.06 0.24 1877
% of Neighbors’ in EZ10 NEZ10 0.02 0.14 1877
% of Neighbors’ in EZ11 NEZ11 0.005 0.07 1877
% of Neighbors’ in EZ12 NEZ12 - - 1877

Neighborhood Characteristics

Number of Schools NHS 0.83 2.64 1877
Number of Large Towns NMT 0.25 0.66 1877
Number of Sawmills NSM 0.50 1.39 1877
Extension National Roads (Km) LNR 35.79 27.49 1877
Extension Local Roads (Km) LLR 49.65 34.95 1877
Percentage of Cleared Area 86 CLP 0.55 0.25 1877

Table 3: Neighborhood Statistics
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2SPLS 2SPLS
IV: NSL IV: NSL

(1) (2)

ρ̂ 2.91 2.76
t-stat (corrected) 4.38 4.29
Marginal direct effects 0.41 0.39

Controls:
Parcel Characteristics Yes Yes
Neighborhood Characteristics No Yes

N 1877 1877
Log likelihood -597 -590

Table 4: Measures of Interaction (ρ)
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2SPLS 2SPLS Standard Linear Linear 2SPLS
IV: NSL IV: NSL Probit OLS IV: NSL IV: NEZ

(1) (2) (3) (4) (5) (6)

ρ̂ 2.76 2.54 3.44 0.88 0.72 4.41
t-stat* 4.29 4.33 9.17 12.10 3.50 5.96

Neighborhood Entire Restricted Entire Entire Entire Entire
N (sample) 1877 1871 1877 1877 1877 1877

Table 5: Robustness tests
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Figure 1: Forest Cover 86, National Parks and Sampled Points
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Figure 2: Self Consistent Equilibrium. Instrument: Neighbors’ slopes
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Figure 3: Policy effects No Interactions Considered
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Figure 4: Policy effects Interactions Considered
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Appendix

Table A.1
First Stage Regression (Table 4)

2SPLS 2SPLS
IV: NSL IV: NSL

(1) (2)

Variable Coeff. T Coeff. T

NSL (IV) -0.0106 -15.96 -0.0112 -17.02
EZ1 -0.0487 -4.65 -0.0414 -4.02
EZ3 0.0030 0.43 0.0128 1.84
EZ5 -0.0877 -5.86 -0.0685 -4.55
EZ7 -0.0602 -9.42 -0.0453 -6.55
EZ9 -0.0225 -2.16 -0.0142 -1.33
EZ10 -0.0196 -1.20 0.0008 0.05
EZ11 0.0021 0.07 0.0211 0.71
DSJ -0.0011 -6.28 -0.0012 -6.49
DLI -0.0002 -2.55 -0.0002 -2.32
DCA 0.0006 4.54 0.0007 5.18
DLR -0.0026 -2.37 -0.0014 -1.18
DNR 0.0028 4.02 0.0042 5.40
DTS -0.0022 -8.45 -0.0021 -8.05
DTH 0.0021 6.69 0.0020 6.44
PTC -0.0518 -7.16 -0.0405 -5.54
DMT -0.0008 -3.22 -0.0012 -4.62
SDA -0.0006 -1.38 -0.0007 -1.72
LNR 0.0005 3.58
LLR 0.0002 2.60
NSM -0.0005 -0.25
NMT -0.0428 -7.21
NHS 0.0010 0.84
CLP 0.2431 6.52
CLP2 -0.1988 -5.85
Constant 0.3368 21.78 0.2421 11.90

N 1877 1877
R2 0.50 0.53

Dependent variable: Neighborhood Deforestation
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Table A.2
Second Stage Regressions (Table 4)

2SPLS 2SPLS
IV: NSL IV: NSL

(1) (2)

Variable Coeff. T* Coeff. T*

ρ 2.9133 4.38 2.7607 4.29
LZ1 -0.5572 -4.02 -0.4979 -3.56
LZ3 -0.1583 -2.60 -0.1085 -1.72
LZ5 0.2160 0.99 0.1370 0.65
LZ7 -0.1607 -2.85 -0.1589 -2.32
LZ9 0.2096 1.55 0.1615 1.22
LZ10 0.2042 0.79 0.1022 0.36
LZ11 0.6641 2.16 0.5897 2.00
DSJ 0.0059 2.26 0.0047 1.63
DLI -0.0071 -6.66 -0.0065 -5.73
DCA -0.0071 -4.33 -0.0060 -3.36
DLR 0.0282 1.87 0.0217 1.26
DNR -0.0098 -1.46 0.0091 0.90
DTS -0.0009 -0.47 -0.0005 -0.37
DTH -0.0023 0.21 -0.0018 0.38
PTC -1.8042 -11.99 -1.8039 -12.19
DMT 0.0023 1.37 0.0020 0.96
SDA -0.0284 -6.04 -0.0282 -6.09
LNR 0.0062 4.13
LLR -0.0001 -0.08
NSM -0.0376 -1.70
NMT -0.0844 -1.78
NHS -0.0194 -1.72
CLP 0.1866 0.94
CLP2 -0.3658 -1.40
C 0.1830 1.32 -0.1248 -0.27

Log likelihood -597 -590
N 1877 1877

Discrete Dependent variable: 1 if Parcel Cleared between 86 and 97
*Corrected T statistics using Lucchetti’s NLLS procedure
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Figure A.1 Spatial Autocorrelation Function
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