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Abstract

We estimate local interaction effects in forest clearing in Costa Rica.
To address the issues of simultaneity and spatially correlated unobserv-
able factors, we instrument for neighboring forest clearing decisions
using characteristics of neighboring land parcels. We explore a set of
possible instruments. Neighboring ecological characteristics provide
robust evidence that neighboring decisions reinforce one another. This
finding should be taken into account in forest projections and in the
design of conservation policies.

1 Introduction

In 1987, a group of small farmers in a village 100km east of the capital

in Costa Rica received 190 hectares of primary forest designated for coffee

and sugar cane production. Jointly, these farmers agreed instead to main-

tain forest and profit from tourism (and more than 50 communities followed

their example (La Nacion 1/18/04)). While such choices could be explained
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by the farmers individual characteristics, the coordinated actions suggest

externalities large enough to change land-use decisions and even community

land-use outcomes. Whether interactions between such decisions are a sig-

nificant factor in land use, however, is another matter. If they are, they

will affect both the quantity and the spatial pattern of forest. Such effects

on land use will also of course affect agricultural activities and the benefits

they provide

The presence of such externalities can affect the efficiency and optimal-

ity of market outcomes (see Moffitt 2001, Cooper and Johns 1988, Brock

and Durlauff 1999). Exogenous changes in the determinants of individual

choice affect other individuals (Moffitt, 2001). The way these effects propa-

gate in the population can be an important tool for policy implementation

(Durlauff, 2001). For instance, as forested land and services that it pro-

vides become increasingly scarce, these issues may become important for

agricultural development and forest conservation.

Spatial patterns and location of deforestation have been studied with

greater ease since the use of Geographical Information Systems (GIS) has

facilitated measurement of key spatial attributes (see, e.g., Serneels and

Lambin 2001, Walsh et al. 2001, Kok and Veldkamp 2001, Chomitz and

Gray 1996, Geist and Lambin 2001). Important issues related to deforesta-

tion behavior (Pfaff 1999, Chomitz and Gray 1996) and residential devel-

opment (Irwin and Bockstael 2002, Irwin and Geoghegan 2001) can now

be better addressed. An important contribution in this area, for example,

was empirically finding negative effects of particular neighboring land-use

choices on residential development (Irwin and Bosckstael 2002). Neighbors’
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interactions have also been shown to exist within agricultural technology

adoption (Case 1992, Conley and Udry 2001).

We analyze neighbors’ effects on tropical deforestation decisions in a

developing country. We construct a spatially explicit land-use model with

spatial interactions following literatures on social interaction (Brock and

Durlauf 2001, Young 1999, Cooper and John 1988) and forest clearing (Kerr,

Pfaff and Sanchez 2004, Pfaff 1999, Chomitz and Gray 1996). Our focus is

the empirical implementation of Brock and Durlauf (2001) using the exo-

geneity of neighbors’ characteristics to identify the presence of interactions

in forest degradation.

Econometric research on social interactions has focused on whether neigh-

bor’s interactions can be measured (Manski 1993, Brock and Durlauf 2001,

Beyer and Timmins 2003, Conley and Topa 2002, Glaeser and Scheinkman

2001, Moffitt 2001). A challenge for identification arises from other reasons

why individuals behave similarly within a given region: spatial similarities

among the unobservable characteristics of individuals; and direct effects of

neighborhood and neighbors’ characteristics (Manski 1993 and discussed be-

low). That neighbors’ and individuals’ choices affect each other, known as

simultaneity, can bias the estimates. Alternative approaches to identifica-

tion have been proposed. The conditions in which they can be applied vary.

Some applications have focused on: education (Crane 1991, Evans et al.

1992); employment (Conley and Topa 2002, Topa 2001); crime (Glazer, Sac-

erdote and Scheinkman 1996); and technology adoption (Conley and Udry

2001, Case 1992). Instrumenting neighbors’ actions with neighbors’ charac-

teristics, the strategy of our choice, addresses most of these issues (Moffit
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2001, Evans et al. 1992). However, the selection of the instrument becomes

crucial in the procedure (Moffit 2001, Beyer and Timmins 2003).

For deforestation, neighboring outcome effects may exist for both agri-

cultural and environmental reasons. Each set of reasons can be further

classified into those that induce individuals to take the same action, i.e.

exhibit ”strategic complementarity”, and those that induce individuals to

take the opposite actions, i.e. exhibit ”strategic substitutability” (Cooper

and John, 1988). Agricultural strategic complementarities include farmers

who as a group working cleared lands can improve their bargaining positions

for buying inputs and selling outputs. Expected neighbor clearing will af-

fect profit expectations. Environmental amenities can also feature strategic

complementarities. As suggested by our first story above, an example is one

locale’s decision to maintain forest for tourist activities, such as hiking or

sight seeing, which may be affected by neighboring locales also maintaining

forest. Environmental amenities can also feature strategic substitutability.

Tourism firms have incentives to use some land near forest for installations

such as hotels, golf courses and other facilities, e.g. 185 condominiums next

to a well known ecologically fragile tourist site, Playa Grande (Prensa Libre,

September 28, 2002). Agriculture processes with strategic substitutability

include reduced local incentives to clear resulting from neighbors’ clearing

and production of agricultural goods which reduced expected local output

prices.

We empirically search for the net effects of any of these processes on

the individual’s decision. Costa Rica, is a good case for empirical explo-

ration due to its ecological and topographic variation, even across relatively

4



small areas, and the availability of spatially explicit social and economic in-

formation. Deforestation in Costa Rica has been extensively studied (Kerr

Pfaff and Sanchez 2004, Pontius et al. 2001, Bulte et al. 2002). We use

deforestation data analyzed in Kerr, Pfaff and Sanchez 2004. They study

deforestation along the development path, finding not only that agricultural

productivity and transport costs matter, in keeping with the literature, but

also that controlling for those factors past clearing behavior and develop-

ment proxies are significant.

We use instrumental variable techniques to estimate spatial interactions.

In seeking neighbors’ characteristics uncorrelated to the individual’s deci-

sion, we try a variety of instruments for robustness. We also control for local

fixed effects to absorb some spatial correlation. Finally, we also examine the

results from other approaches.

As noted above challenges to identification exist, and these motivate the

instrumental approach. To start, if neighbors’ choices affect the individual

then the individual’s choices affect neighbors’. This simultaneity problem

is avoided by using neighbor characteristics as an instrument for neighbors’

behavior, one that is not affected by the individuals’ choices (Moffitt 2001).

An important constraint on this approach is that the neighbors’ char-

acteristics must not have a direct effect on the individual’s actions (Moffitt

2001). Neighbor’s income, for instance, might explain in part not only the

neighbor’s choice but also the local demand for agricultural products and

thus the individual’s choices. A useful neighboring characteristic for use as

an instrument might be the neighbor’s land quality, which affects the be-

havior of the neighbor but does not directly affect the individual’s decision.
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The issue of unobservable spatially correlated characteristics of individ-

uals must also be considered. Again, using neighbor characteristics is a

good solution to identifying interaction effects (Moffitt 2001, Evans et al.

1992). The reason is that while spatially correlated unobservable charac-

teristics may lead neighbor and individual decisions to be correlated, these

unobservable characteristics do not affect neighbors’ exogenous observed

characteristics.

Independence of the instrument and spatially correlated unobservable

variables is a key issue in instrument choice. If correlation exists, then we

could be capturing the effects not only of neighboring decisions, as desired,

but also the effects of spatially correlated unobservable characteristics. Con-

sider the average of the neighbors’ minimum distance to a local road as an

instrument. This may well proxy successfully for the neighbor’s clearing

action. However, it may also reflect the unobservable abundance of roads in

the neighborhood, which by itself may lead the individual to clearing. Using

this as an instrument could represent as an interaction the effect of spatially

correlated but unobservable driving factors that two deforestation decisions

have in common. In some cases, this issue motivates our choice of how to

measure a key variable and our inclusion of spatial fixed effects in order to

control for the effects of unobserved factors.

Our estimates of how neighbors’ decisions affect actions are significant.

The biased Ordinary Least Square estimates show a larger and more signif-

icant effect than the other techniques, as expected. The second technique

used for measuring interactions is Anselin (1988) Spatial Auto-Regressive

model (Roe et al. 2002) which is widely cited and used. This approach
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yields lower estimates due to its close link to the spatial error correlation.

Smaller and significant spatial correlation of the errors can affect the level

of the interactions estimated. As we add spatial controls the estimates of

the Spatial Auto-Regressive model even become negative and significant.

The instrumental variable results vary according to the instrument. When

using the slope of the forest parcel that belongs to the neighbors as in-

strument, the results are positive and significant even when controlling for

parcel’s life zones and parcel’s characteristics, such as distances to national

and local roads, distance to San Jose and the main ports, distances to main

towns, schools and sawmills, proximity to cleared areas, precipitation, ele-

vation and parcel’s slope. More controls reduced coefficient magnitude and

significance, though. Alternatively, when using neighboring ecological char-

acteristics as instruments, estimates of the local interaction coefficient are

significant, even when possible downward biases are introduced by control-

ling for districts and the effect of the closest life zone.

These results suggest that interactions should be considered in, e.g.,

predicting deforestation over space and time, for instance when considering

the effects of infrastructure investments on frontiers or developing spatially

specific baselines for deforestation within international treaties. Potential

multiple equilibria affect the probabilities of deforestation outcomes. So-

cially inefficient forest outcomes are possible. Small policy interventions

could, then, ”tip the balance” towards forest (or non-forest) equilibria when

that would be individually and socially preferred.

Below we present our approach to the identification of interactions. In

Section 2 we present a model that combines simple land-use theory and

7



social interactions. In Section 3, we present our empirical strategy, while in

Section 4 we describe the data. In Section 5, we present our results.

2 A spatial deforestation model with local inter-

actions

We consider an endowment of land L ⊂ R2 covered by forest. This endow-

ment is composed by n parcels. We assume that forest land has well defined

property rights and it is in private hands. Each parcel is managed by a

profit maximizing agent. Each agent chooses discretely between possible ac-

tions 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}.

Agent i’s profits πi(a) can be divided in three elements: private char-

acteristics’ effects; neighbors’ effects; and a random profit shock. Agent i’s

private characteristics are contained in the vector xi. Private character-

istics’ effects on profits are linear and depend on the action taken by the

individual. The vector of coefficients β0 maps private characteristics to prof-

its when ai = 0 and β1 maps private characteristics to profits when 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 agricul-

tural production and negatively when the land is covered by forest and used

for recreation.
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The random profit shock εi(ai) represents unobservable characteristics

only known by the agent. The shock varies according to the action. Individ-

uals’ knowledge of agriculture, for instance, has a positive effect on profits if

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

if 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, b; the effect of neighbors keeping forest when i is clearing, d;

the effect of neighbors clearing when i is keeping forest, c; and the effect

of neighbors keeping forest when i is keeping forest, f . Table 1 describe

situations generating these type of externalities.

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

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

where d denotes the euclidian distance operator. The set of agent i’s neigh-

bors 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
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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 + cw−ia
′
−i + f(1− w−ia

′
−i) + εi(0)

and when i chooses to clear as:

πi(1, a−i) = xiβ1 + bw−ia
′
−i + d(1− w−ia

′
−i) + εi(1).

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 = b−c, ρ0 = f−d, β = β1−β0 and εi = εi(1)−εi(0). The difference

of the shocks, εi, is assumed independent and identically distributed for each

i.
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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).

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 and ∀i 6= j.

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.

Proposition 1 There exists a set of self-consistent expectations in the spa-
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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

logistic.

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 Empirical Strategy

The identification of interaction effects has been widely discussed in eco-

nomics (e.g., Brock and Durlauf 2001, Glaeser and Scheinkman 2001, Maskin

1993, Moffitt 2001, Beyer and Timmins 2003) and to some extent in land

use in particular (Irwin and Bockstael 2002). A number of alternatives have

been proposed, but consensus is that the best solution depends on the ap-

plication (Moffit 2001, Glaeser and Scheinkman 2001). We are especially

concerned with simultaneity and correlated unobservable variables. The

implementation of an instrumental variable approach addresses these issues.

Simultaneity, an issue present in the estimation of interaction coefficients

in any application cannot be ignored. If agent i is affected by agent j, then

agent i also affects j’s decision,

j ∈ Ni ⇒ i ∈ Nj .
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This two-directional process biases the estimation. Without this potential

bias being 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.

That the econometric analyst observes only limited information in terms

of individual and parcel characteristics, such that many other driving fac-

tors must be in the errors of regressions equations, is crucial. In this case,

it is especially important since some of those other factors are spatially

correlated. The estimation, then, of the interaction term ρ by only using

neighborhood deforestation rate w−iα
′
−i is inconsistent. What appear to be

effects of neighboring choices on individuals’ choices could be the result of

spatially correlation between unobserved drivers.

Further, the factors that drive an individual’s choice could include char-

acteristics of the neighborhood. The estimate of ρ could capture, e.g., the

direct effect of neighboring income if richer neighborhoods demand more

output and clear more. That is, neighboring income may lead the neighbors

to clear more and also directly lead individuals to clear, so that there might

appear to be an effect of neighbor clearing on the individual’s clearing when

there is only a common effect of neighbor’s income.

3.1 Instrumental Variable Approach

The Instrumental Variable (IV) approach addresses these problems (Moffitt

2001, Evans et al. 1992). We seek neighbors’ characteristics uncorrelated

to the individual’s decision as instruments. Further, we control for local

fixed effects, districts or counties, to absorb some spatial correlation in the
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estimation.

Recall that if neighbor choices affect a given individual then also the

individual’s choices affect the neighbors. Individuals’ choices to clear do not,

though, affect neighbors’ characteristics. Further, these proxy for neighbor

behavior and can be good instruments.

Another criterion, however, is that neighborhood characteristics must

not have a direct effect on individuals’ actions. Here, the ecological and

topographic variation in Costa Rica is useful, as those neighboring charac-

teristics vary over space, and affect the behavior of neighbors, but do not

directly affect the decisions on neighboring parcels.

A third criterion is of course that the instruments not be correlated

with the unobservable factors that drive individuals’ decisions. Neighbor-

ing behaviors fail this test as they are driven in part by unobserved factors

themselves, and those are likely to be spatially correlated with the unob-

served factors driving individuals’ choices. Neighboring characteristics may

not be correlated with the errors in the deforestation equation, though.

That said, this is important to check. Average of the neighbors’ mini-

mum distance to a local road, for instance, could reflect unobservable abun-

dance of roads in the area, something which while unobserved also may di-

rectly lead the individual to clear. The neighboring ecological characteristics

and topography at first glance seem to satisfy this, however it is important

to consider measurement error (more in subsection 4.4 below). For instance,

it is possible that the neighboring ecological characteristics are correlated

with measurement error in a parcel’s ecological characteristics, i.e. with the

parcel error.
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One response to such potential issues is to absorb as much of the parcel

spatially correlated error as possible in the deforestation equation itself.

For instance, following the minimum distance issue just above, we might

calculate the length of local roads in the neighborhood and add that into

the equation as a control. We can control further by adding local fixed

effects, i.e. county or district dummies. As noted above, these may bias

against our estimation of spatial interactions.

3.2 Spatial Econometric Approach

Anselin’s spatial econometrics models have also been used for the estimation

of local interactions (e.g., Roe et al. 2002). The Spatial Autoregressive

Model (SAR) designed to correctly estimate β, in our context, specifically

models the interaction between neighbors’ decisions. The SAR model deals

with simultaneity by solving the econometric equation for the dependent

variable present in the right and left hand sides of the equation, and then

estimating the non-linear resulting functional form of the parameter via

maximization of a likelihood function. However, this specification does not

distinguish between effects arising from interactions and those arising from

spatially correlated unobservable variables. A larger interaction coefficient,

for instance, increases the value of the likelihood function in the presence

of spatially correlated errors. The opposite is also true. In the presence of

negative spatial correlation of unobservable variables, a smaller estimate of

the interaction coefficient increases the value of the likelihood function.

The general specification of Anselin’s spatial model considers spatial cor-

relation in the errors and spatial correlation on the dependent variable.
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However, the lack of knowledge of the specific spatial structure of these un-

observable variables forces the researcher to make assumptions. If the spatial

structure of the unobservable variables is wrongly specified, the identifica-

tion of any spatially correlated variable is biased.

3.3 Discrete Dependent Variable

For a given location, deforestation is a discrete choice, either forest or not.

Both of the empirical approaches discussed above though, IV and SAR,

relate linearly the dependent variable and the regressors. They would be

appropriate only for the linear probability model. A probability model that

bounds the expected dependent variable values between 0 and 1 is more ad-

equate, and would satisfy the model requirement of F allowing for existence

of multiple equilibrium. However, the implementation of the instrumen-

tal variable approach requires additional considerations (e.g. Evans et al.

1992).

Discrete spatial econometric models have also been developed (Case

1992, Pinkse and Slade 1998, McMillan 1992, Beron and Vijverberg 2000,

LeSage 2000). Fleming (2003) presents an extensive survey of these tech-

niques. These approaches bring with them the strengths and the weaknesses

of Anselin’s linear spatial models. They can potentially solve the simultane-

ity problem but do not clearly differentiate between spatial unobservable

errors and interaction effects. Additionally, however, these approaches con-

strain the number of observations that can be used due to highly demanding

computational processes used during the estimation.

Fleming presents a far less computationally intensive alternative to the
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discrete spatial econometric models, the application of Non-Linear Least

Squares models using a probit functional form. This application is based on

Kelejian and Prucha (1998)’s IV approach to the Linear Spatial Econometric

Model1.

3.4 Land, Neighborhoods and Points

Due to the lack of individual land property information at a national level,

we face a problem when trying to measure the interaction effects. We have

a precise spatially disaggregated description of forest dynamics, population,

transport costs and biological factors. However we lack individual behavioral

information. Thus we don’t know exactly where one person’s property and

actions stop and another’s starts.

Many literatures use aggregated data. The economic growth literature,

e.g., uses representative individual models and runs regressions based on

aggregates. Research on deforestation and research on social interactions

are not the exceptions. Some alternatives for estimating social interactions

in the absence of individual data are spatial correlation techniques (Topa

2001, Conley and Topa 2000 on unemployment) and techniques based on

differences on the variances across aggregate spatial observations (Gleazer,

Sacerdote and Scheinkman 1996, on crime, and Gleazer and Scheiman 2001,

on female household headship).

While we could resort to those techniques for estimating the interaction,
1Based on this idea, we will estimate the interaction parameter using the Non-Linear

Least Squares Approach later on. By using the Non-Linear Instrumental Variable ap-
proach, we avoid computational heavy procedures, we satisfy the theoretical requirement
of values being bounded, avoid simultaneity, and differentiate between neighborhood’s
unobservable characteristic effects and neighboring decision effects.
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here we address this issue by using information from random point locations

and applying average farm size information (around those point locations)

to estimate where one property stops and another one starts. Our strat-

egy is: first, randomly draw points across L; second, associate land and

socioeconomic characteristics to each point; and finally, use these points as

observations assuming that they represent a parcel of land. This is a valid

strategy as long as:

Prob{ai = 1|w−iα
′
−i, Xi} = Prob{yli = 1|li ∈ Li, w−ia

′
−i, Xi},∀li,∀i (2)

where li is a randomly drawn location, yli represents the action taken in

location li.

There are three important issues that we need to verify for concluding

that equation (2) holds. First, we need,

ai = 1 ⇔ yli = 1.

This holds trivially by the assumptions of the model stating that the land

manager faces a discrete decision between clearing or maintaining forest

in the whole parcel (which is reasonable when a parcel is small enough).

Second we assume that we can approximate individual characteristics by

calculating ecological and socioeconomic point characteristics, Xi = Xi. As

we mentioned, there are unobservable characteristics unfeasible to obtain.

However, our estimation technique addresses that issue.

Third, we need to make sure that the expected neighboring mean action
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can be approximated by w−ia−i. Under the rational expectation assump-

tion, in equilibrium we have that,

E(w−iα
′
−i) = w−ia

′
−i.

This means that what we observed as deforestation is what landowners ex-

pected by the time of their decision. It follows that by finding the fraction

of the neighborhood deforested we can proceed with the estimation.

However, the lack of information of property borders also implies lack

of information of the borders of the set Bi (Neighborhood). We can only

approximate this set by generating a circle of radius r around each point.

This issue has two consequences. Individual i’s own deforestation within

properties larger than our neighborhood circle could be accounted as neigh-

boring deforestation, which biases upward the local interaction estimate.

Second, the probability of two points falling in the same parcel is strictly pos-

itive. Then, the instrument would be affected by the individual’s own char-

acteristics. We may be biasing estimated interactions downward, though, by

potentially eliminating deforested areas that actually belong to the neigh-

boring parcel that are very close to the chosen point.

4 Data

We collect the information from censuses and maps The combination of this

information allows us to estimate the parameters of the model considering

a large variety of social, economic and geographical variables.
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4.1 Maps

We use GIS information on forest dynamics in Costa Rica from 1986 to

1997. These maps were specially developed to measure changes from forest

to non-forest during this time period 2. The information was created by

The Tropical Scientific Center of Costa Rica and the Research Center for

sustainable Development of the University of Costa Rica. With an image

resolution of 30m2, we can precisely calculate location and quantity of de-

forested areas, location and quantity of forest persistence, and the distance

from each location to the closest cleared area. The creators of the maps also

pointed out locations where the classification of the pixel between forest

and non-forest are dubious due to the image. We omit these locations of the

analysis to reduce measurement error.

The Public Works and Transport Ministry in charge of the construction

and maintenance of the roads in Costa Rica, developed road maps for 1985.

We have two maps, one with the National roads, which shows the location of

National roads, and the second map with local roads. There is no exact in-

formation when the roads were built, however they were already constructed

by 1985.

As a proxy for yields and for costs of clearing, we use a Life Zone map,

which divides the country in areas based on the type of vegetation, weather

conditions and soil. We employed the Holdridge Life Zone System, which
2Given the length of the time spell, interactions could reflect reactions to past clear-

ing within the time interval. Thus, the interaction coefficient estimate can reflect both,
simultaneous interactions and interactions produced by changes in the state, for instance
learning behavior in which information is inferred from others’ past choices and outcomes
given those choices
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divides the country into 12 ecological zones (see Table 2). The most prof-

itable areas for agricultural use in Costa Rica are the humid life zones,

where conditions are especially good for coffee plantations. Very humid and

montane life zones are related to less productive areas. However, the worst

zones are the pluvial very humid life zones and tropical dry zones, due to

bad agricultural yields and unfriendly vegetation (Kerr, Pfaff and Sanchez

2004).

Location of sawmills, towns and educational centers as well as elevation

and rain maps are, also, available. The School of Forestal Engineering at the

Instituto Tecnologico de Costa Rica created these maps. Town and sawmill

locations represent the demand for agricultural products as well as forest

products. Distance to educational centers is a proxy for residential land

value. We also have a map of Protected Areas and clouds at the time any of

the forest pictures were taken. We eliminate protected areas of the analysis

since the government, instead of profit maximizing landowners, manages

these locations. Clouds also made impossible to tell the presence of forest,

which forces us to leave these areas out of the analysis.

4.2 Census Variables

We obtained two important variables from the 1984 Agricultural and the

Population censuses, District Population and District Average Farm Size.

Population serves as a local demand indicator for forest and agricultural

products. It also approximates demand for land for housing and related

infrastructure.

The 1984 Agricultural Census defines farm as an extension of land in
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which one person or many people dedicate full or part time to the production

of one or many agricultural goods. The census reports the total extension

of the farms and the number of farms by district. We find the average farm

size by dividing the total extension of land in farms by the total quantity of

farms in each district.

4.3 Point data, Parcel Area Estimates and Neighborhood

We randomly draw ten thousand points across Costa Rica’s total area 51000

km2. On average we have a sampled point every 5.1km2 (see Figure 2).

Point coordinates are plots in this highly precise forest map. Each point is

classified as forest or non-forest for 1986 and 1997.

For each sampled point, we found the distance to the closest local road

and the distance to the closest national road. We also calculated elevation

and distances to the closest sawmill and county main city as well as the

distances to San Jose and the main ports.

We classified the points by district, to which variables such as population

and farm average size are associated. The district classification will also per-

mit some control for unobservable factors including policy implementation,

using dummies. After points were omitted for being inside Protected Areas

or covered by clouds at the time or where the classification was said to be

dubious, we are left with 7754 observations.

For estimating interactions, we define neighborhoods as the area inside

a 10 km radius from the parcel. We then calculate neighborhood variables

such as density of national and local road networks, density of educational

centers, county capitals and sawmills for each point. Additionally, we cal-
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culate the amount of forest in each point’s neighborhood.

We artificially create parcel areas based on district average farm size.

We generate a circle around the sampled point in which deforestation is not

considered as neighbors’ deforestation but as own, and in which points are

not used as instruments since they can reflect individual’s own character-

istics. We map district average farm size area to a radius of a circle that

defines our artificial parcel. This radius length is found by calculating the

maximum possible distance between any two points in a parcel. This parcel

is assumed to be rectangular with a length four times its width with an

area equal to the average farm size3. The distribution of the resulting cutoff

distance for all points is shown in Figure 3 as well as the distribution of the

average number of neighboring points. As it can be seen, the number of

neighboring points inside these areas is relatively small.

Neighboring deforestation, w−ia−i, is the percentage of forest deforested

in the area between the 10 km neighborhood and the artificially created

parcel area. Instruments were also generated only from neighbor’s char-

acteristics located in this region. A summary of the statistics of all the

variables and instruments is presented in Table 3.

4.4 Choosing the adequate instrument

Table 4 presents descriptive statistics of the possible instruments and the

coefficient of determination, R2, between each candidate and neighboring
3So, A = 4l2, where A is the area and l is the length of the rectangle. The maximum

distance between all points inside the farm is greater if we assume a rectangular farm than
if we assume a circular farm given the same area. In fact, maximum distance between all
points inside the farm increases as the difference between the length and the width of the
rectangle increases.
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deforestation. The first desirable property of a good instrument is high

correlation to the variable being instrumented. We find four strong candi-

dates: mean slope of neighboring sampled points, fraction of life zones in

the neighborhood, lag deforestation in the neighborhood and mean distance

to cleared areas of neighboring sample points.

The second desirable property is that the instrument would be inde-

pendent of the dependent variable. Neighboring Life Zones do not have an

effect on deforestation given the life zone of the parcel itself. Life Zones are

a completely exogenous variable that are not affected by human decisions

of deforestation or any other variable that might also cause deforestation.

Neighboring slopes are also exogenous, since deforestation of the parcel it-

self does not affect the slope of the neighbors in any way and in general

slopes are hardly affected by any human action.4 Proximity to cleared ar-

eas is subjected to human decisions but there is not a clear link between

neighbors’ distance to cleared areas and deforestation. Past deforestation,

however, could affect present deforestation for example by making available

deforestation technologies and resources.

The third desirable property is that the variable would be uncorrelated to

the errors. An important issue here is measurement error within the original

deforestation equation and whether the instruments could be correlated with

that error, which would be a problem. Errors in measurement in slope, for
4We ran regressions using neighboring decisions and neighboring slopes and found that

slopes are not significant when controlled by neighboring behavior, which is evidence
of independence between individual’s decision and neighboring slopes. We also ran such
regressions for neighboring Life Zones and only one of them was significant, but we believe
that this is a consequence of ecological variation within life zones. We expect that by
controlling additionally with closest life zone, this effect will disappear.
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example, are said to rise with the slope, but it is not clear that neighboring

slopes should be correlated with that measurement error.

Neighboring life zones might be a different story, however, given that

within our discrete categorization of life zones surely parcels are heteroge-

neous. Parcels within the life zone tropical humid, for example, might have

significantly different characteristics when close to another humid life zone

than when close to a dry life zone. Thus the neighboring ecological char-

acteristics could be correlated with the error in measurement implied by

the discrete categorization of the ecological characteristics of the parcel of

interest. We will attempt to address this issue by adding dummies for the

closest life zone besides parcel’s life zone dummies to our controls, thereby

making an effort to reduce the mismeasurement that could end up in the

error and be correlated with the instrument.

Neighbor’s proximity to clear areas and past deforestation might also re-

flect unobservable spatially correlated information that directly affects the

parcel’s deforestation decision. Somewhat fixed variables such as relative

land fertility, which is not perfectly measured and thus to some extent is in

the error, affected deforestation within the neighborhood in the past as well

as in the present. With spatial correlation of such unmeasured factors, past

neighbor clearing may be correlated with current local clearing through this

alone. Proximity to cleared areas may also reflect factors that are poten-

tially durable over time and spatially correlated. This reduces the appeal

of these two variables as instruments. However, if this is what drives the

estimated interaction coefficient, then as we add individual spatially corre-

lated characteristics and neighborhood controls into the initial deforestation
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equation, the empirical association with the instruments should be reduced.

5 Results and discussion

We present the OLS, SAR and IV estimates of the interaction parameter

in Table 5. We use four instruments: mean slope of neighboring sampled

points (NSL), fraction of life zones in the neighborhood (NLZ), lag defor-

estation in the neighborhood (D79) and mean distance to cleared areas of

neighboring sample points (NPTC). We also estimate the parameter using

both neighboring slope and neighboring life zones as instruments.

The estimates in the first row are calculated without any controls. We,

then, progressively add variables to eliminate possible unobservable varia-

tion that can bias the estimates. We add parcel’s life zones, then parcel’s

characteristics and neighborhood variables (see Table 3 for the complete list

of parcel’s characteristics and neighborhood characteristics). We then con-

trolled for unobservable factors associated to second- or third-order political

division by adding county or district dummies.

The OLS estimates of the parameter shown in the first column are large

and highly significant. As argued before, the OLS estimates are biased due

to simultaneity and spatial correlation of unobservable variables. By adding

controls the estimates decrease, however they are still large, and highly

significant, suggesting that simultaneity is a key problem here.

The estimates of the Spatial Auto-Regressive Model are in general lower

than OLS estimates because it addresses the simultaneity issue. While we

include these because of the popularity of the spatial econometric approach,
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it is worth emphasizing that we feel we cannot conclude anything about

interactions from those estimates due to the close link between spatial error

correlation and the interactions estimate. These estimates are in general

smaller than the other estimates, yet this could result from positive but

small spatial error correlation. See, for instance, that as we add controls,

the estimate of the local interaction coefficient using the SAR model becomes

negative and significant.

The estimates when instrumenting with neighboring slope are significant

when life zones and parcel characteristics are used as controls. However, the

coefficient becomes insignificant by adding neighborhood characteristics and

regional effects at county level. It is possible that some of the controls we

have introduced are correlated to neighboring slopes such as distance to

roads or distance to towns.

Life zones remain highly significant when adding parcel’s life zone, par-

cel’s characteristics, neighborhood characteristics, county dummies as well

as district dummies. We add another set of dummies to eliminate possible

biases as consequence of unobservable variation of parcel quality within the

life zone due to proximity to other life zone and the results remain highly

significant.

Past deforestation shows evidence of existence of local interaction only

under Life Zone controls. By adding more controls the significance disap-

pears. Similar results are obtained using neighbor’s proximity to cleared

areas as instrument. This instrument also reflects past behavior as well as

unobservable spatial elements.

In sum, at least using neighboring life zones, there is statistical evidence
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that proves the existence of local interactions. This holds even when control-

ling for parcel’s characteristics, neighborhood variables, regional dummies

and even closest life zone. We draw important conclusions from this result.

First, forest and deforestation projections done without interactions might

not be reliable. We can obtain outcomes unexpected under fairly robust

models that ignore interactions. This is true not only in terms of quanti-

ties but also in terms of forest patterns. Forest patterns in the presence of

positive local interactions have a greater tendency to be clustered.

We can also identify regions in which deforestation levels and forest pat-

terns significantly change under different equilibriums. We can find stable

equilibria by using location characteristics and the interaction coefficient.

We can then map equilibrium outcomes and find places in which there are

significant changes between equilibrium outcomes. These regions can be

subjects of further research into policy intervention for efficiency in land use

(given multiple equilibria) and for conservation. Policies could tip the bal-

ance towards forest or non-forest equilibria preferred in light of all tradeoffs.

References

[1] Anslin, L., 1988. Spatial Econometrics: Methods and Models.

Kluwer Academic Publications, Boston.

[2] Aronoff, S., 1991. Geographic Information Systems: A Management

Perspective. Wdl Publications.

[3] Bayer, P. and Timmins, C., 2003. Estimating equilibrium models

28



of sorting across locations Mimeo Department of Economics, Yale

University.

[4] Beron, K., Vijverberg, W., 2000 Probit in a Spatial Context: A

Monte Carlo Approach. in Anselin, L. and Florax, R. Advances in

Spatial Econometrics. Springer-Verlag

[5] Brock, W. and Durlauf, S., 2001. Discrete Choice with Social In-

teractions Review of Economic Studies 68(2) 235-260

[6] Brown, S., Iverson, L. and Lugo, A. 1993 Land Use and biomass of

forest in Peninsular Malasya during 1977-1982: use of GIS analysis.

in Dale, V. (Ed.), Effects of Land Use Change on Atmospheric CO2

Concentrations: Southeast Asia as a Case Study. Springer.

[7] Bulte, E., Soest, D., Kooten, C. and Schipper, R. 2002. American

Journal of Agricultural Economics 84(1) 150-160.

[8] Case, A., 1992. Neighborhood Influences and Technological Change.

Regional Science and Urban Economics 22 77-101.

[9] Chomitz, K. and Gray, D., 1996 Roads, Land Use, and Deforesta-

tion: A Spatial Model Applied to Belize World Bank Economic

Review 10(3), 487-512

[10] Cooper, R. and John, A., 1988. Coordinating Coordination Failures

in Keynesian Models Quarterly Journal of Economics 103(3) 441-

463

29



[11] Conley, T., 1999. GMM Estimation with cross sectional dependence

Journal of Econometrics 92., 1-45.

[12] Conley, T. and Topa, G., 2002. Socio-economic Distance and Spatial

Patterns in Unemployment Journal of Applied Econometrics 17,

303-327.

[13] Conley, T. and Udry, C., 2001. Social Learning Through Networks:

The Adoption of New Agricultural Technologies in Ghana. Ameri-

can Journal of Agricultural Economics 83(3) 668-673.

[14] Crane, J. 1991. The Epidemic Theory of Ghettos and Neighbor-

hood Effects on Dropping Out and Teenage Childbearing. Ameri-

can Journal of Sociology 96 1226-1259.

[15] Durlauf, S. 2001. A framework for the Study of Individual Behacior

and Social Interactions. Mimeo Department of Economics, Univer-

sity of Wisconsin at Madison.

[16] Evans., W., Oates, W. and Schwab, R. 1992. Measuring Peer Group

Effects: A study of Teenage Behavior The Journal of Political Econ-

omy 100(5) 966-991.

[17] Fleming, M., Forthcoming. Techniques for Estimating Spatially De-

pendent Discrete Choice Models. Advances in Spatial Econometrics,

eds. Raymond Florax and Luc Anselin.

[18] Geist, H. and Lambin, E., 2001. What Drives Tropical Deforesta-

tion? LUCC. Louvain-la-Neuve, Belgium.

30



[19] Glaeser, E., Sacerdote B. and Scheinkman, J., 1996. Crime and

Social Interactions. Quarterly Journal of Economics 111. 507-548.

[20] Glaeser, E. and Scheinkman, J., 2001. Measuring Social Interac-

tions, in Durlauff, S. and Young, P. (Ed.) Social dynamics Brook-

ings Institution Press and MIT Press 83-132.

[21] Irwin, E. and Bockstael, N., 2002. Interacting Agents, Spatial Ex-

ternalities and the Evolution of Residential Land Use Patterns

Journal of Economic Geography 2(1), 31-54

[22] Irwin, E. and Geoghegan, J., 2001. Theory, data, methods: devel-

oping spatially explicit economic models of land use change. Agri-

culture Ecosystems and Environment 85, 7-24.

[23] Kerr, S., A.S.P. Pfaff, and G.A. Sanchez-Azofeifa (2004, submit-

ted). Development and Deforestation: Evidence from Costa Rica.

(Mimeo, Columbia University).

[24] Kelejian, H., Prucha, I., 1998. A generalized Spatial Two-Stage

Least Squares Procedure for Estimating A Spatial Autoregressive

Model with Autoregressive Disturbances. Journal of Real Estate

Finance and Economics 17 99-121.

[25] Kok, K. and Veldkamp, A., 2001. Evaluating impact of spatial scales

on land use pattern analysis in Central America Agriculture Ecosys-

tems and Environment 85, 205-222.

31



[26] LeSage, J., 2000. Bayesian Estimation of Spatial Autoregressive

Models. International REgional Science Review 20 113-129.

[27] Manski, C., 1993. Identification of Endogenous Social Effects: The

Reflection Problem Review of Economic Studies 60(3) 531-542.

[28] Manski, C., 2000. Economic Analysis of Social Interactions Journal

of Economic Perspectives 14(3) 115-136.

[29] McMillan, D., 1992. Probit With Spatial Autocorrelation. Journal

of Regional Science 32(3) 335-348.

[30] Moffitt, R., 2001. Policy Interventions, Low-Level Equilibria, and

Social Interactions, in Durlauff, S. and Young, P. (Ed.) Social dy-

namics Brookings Institution Press and MIT Press 45-82

[31] Pfaff, A., 1999. What drives deforestation in the Brazilian Ama-

zon? Evidence from Satellite and Socieconomic Data. Journal of

Environmental Economics and Management 37(1), pp. 26-43

[32] Pinkse, J and Slade, M., 1998. Contracting in space: An application

of spatial statistics to discrete-choice models. 85(1), 125-154.

[33] Pontius, G. Cornell, J. and Hall, C. 2001 Modeling the spatial pat-

tern of land-use change with GEOMOD2: application and valida-

tion for Costa Rica. Agriculture Ecosystems and Environment 85,

191-203

[34] Roe, B., Irwin, E., Sharp, J., 2002. Pigs in Space: Modeling the

Spatial structure of Hog in Traditional and Non-Traditional Pro-

32



duction Regions American Journal of Agricultural Economics 84(2)

259-278.

[35] Schelling, T., 1978 Micromotives and macrobehavior First Edition.

Norton, New York.

[36] Serneels, H. and Lambin, E., 2001. Modeling land-use change in the

Ipswich watershed, Massachusetts, USA. Agriculture Ecosystems

and Environment 85, 65-82.

[37] Topa, G. 2001. ”Social Interactions, Local Spillovers and Unem-

ployment. Review of Economic Studies 68(2) 261-295.

[38] Young, H., 1998 Individual strategy and social structure : an evolu-

tionary theory of institutions. Princeton University Press, Prince-

ton, N.J.

[39] Walsh, T.W., Crawford, T.W., Welsh, W. and Crews-Meyer, K.A.,

2001. A multiscale analysis of LULC and NDVI variation in Nang

Rong district, northeast Thailand. Agriculture Ecosystems and En-

vironment 85, 47-64.

33



Guaycará

Golfito

Corredor

LimoncitoChanguena San Vito

Aguabuena

Parcel

Neighbors

Observations

Neighborhood Upper Bound

Farm Border

Districts

0 2.5 5 7.5 101.25
Kilometers

Figure 1: Empirical Neighbors

34



Figure 2: Costa Rica: Forest and Points
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Life Zone Quality Number

Humid Pre-Montane Good LZ1
Humid Lower Montane Good LZ2
Tropical Humid Good LZ3
Very Humid Pre Montane Medium LZ4
Very Humid Lower Montane Medium LZ5
Very Humid Montane Medium LZ6
Tropical Very Humid Bad LZ7
Tropical Dry Bad LZ8
Pluvial Pre Montane Bad LZ9
Pluvial Lower Montane Bad LZ10
Pluvial Montane Bad LZ11
Paramo Bad LZ12

Table 2: Holdrige Life Zone Classification
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Instrument Mean MAX MIN R2 with w−ia−i

Neighbors’ Distance to San Jose 89.7 217.0 0.75 0.0294
Neighbors’ Distance to Caldera 124.8 273.1 15.19 0.0007
Neighbors’ Distance to Limon 126.2 301.8 4.64 0.0238
Neighbors’ Distance to L. Roads 4.56 34.1 0.17 0.0298
Neighbors’ Distance to N. Roads 6.39 31.6 0.01 0.0013
Neighbors’ Distance to Sawmills 23.1 66.0 3.40 0.0330
Neighbors’ Distance to Main Towns 24.5 73.6 3.40 0.0019
Neighbors’ Distance to Cleared Area 0.68 5.87 0 0.1121
Neighbors’ Altitude 632.2 2638.4 0 0.0878
Neighbors’ Precipitation 3784 6043.1 1400 0.0081
Neighbors’ Slope 8.72 25.7 0 0.1745
Neighbors’ LZ1 0.04 1 0
Neighbors’ LZ2 0.00 0.5 0
Neighbors’ LZ3 0.15 1 0
Neighbors’ LZ4 0.18 1 0
Neighbors’ LZ5 0.03 0.88 0
Neighbors’ LZ6 0 0 0
Neighbors’ LZ7 0.34 1 0
Neighbors’ LZ8 0.01 1 0
Neighbors’ LZ9 0.11 1 0
Neighbors’ LZ10 0.09 0.7796 0
Neighbors’ LZ11 0.03 0.7567 0
Neighbors’ LZ12 0 0 0
Neighbors’ LZ 0.1404
Neighborhood deforestation 79-86 0.10 0.9642 0 0.1396

Table 4: Statistics: Instruments
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IV IV IV IV IV
Controls OLS

NSL NLZ D79 NSL-NLZ NPTC
SAR

No Controls
ρ 0.96 0.96 1.14 0.71 1.05 0.96 0.53
t-stat 22.38 8.83 11.86 5.85 13.27 7.06 15.52

LZ
ρ 0.92 0.92 1.12 0.66 0.98 0.86 0.48
t-stat 20.00 7.53 7.21 4.84 9.32 5.21 13.25

LZ and Parcel Char.
ρ 0.87 0.62 0.85 0.41 0.78 0.34 0.30
t-stat 13.69 1.76 4.01 0.77 4.11 1.10 7.04

LZ, Parcel and Neighborhood
Characteristics
ρ 0.85 0.53 0.77 0.03 0.71 0.02 0.28
t-stat 12.96 1.38 3.72 0.04 3.69 0.05 6.50

LZ, Parcel and Neighborhood
Char. and Counties
ρ 0.88 0.49 0.79 0.49 0.69 0.30 0.17
t-stat 10.99 1.09 2.88 0.76 2.77 0.65 3.62

LZ, Parcel and Neighborhood
Char. Counties and Closest LZ
ρ 0.87 0.22 0.74 0.45 0.62 0.20 -0.15
t-stat 10.72 0.41 2.37 0.72 2.21 0.39 -2.73

LZ, Parcel and Neighborhood
Char. and Districts
ρ 0.80 0.67 0.51 0.65 0.56 -0.07 -0.34
t-stat 7.68 1.47 1.61 1.14 2.04 -0.12 -5.99

LZ, Parcel and Neighborhood
Char. Districts and Closest LZ
ρ 0.80 0.44 0.44 0.61 0.48 -0.62 -0.38
t-stat 7.49 0.87 1.23 1.14 1.56 -0.72 -6.56

Table 5: Linear Probability Model: Estimates of ρ
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