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ABSTRACT. While tropical land clearing provides
for the livelihoods of Brazilians from many socioeco-
nomic backgrounds, it also affects climatological and
ecological processes. To develop sustainable forest
use, further study is needed to investigate the causes
of tropical land clearing. This study uses spatial
econometric techniques to estimate the effects of eco-
system productivity, measured by soil fertility and cli-
mate, and strategic interactions on municipal-level
land clearing in the Brazilian Legal Amazon between
1975 and 1995. We find a negative relationship be-
tween soil fertility and land clearing. Furthermore,
there is evidence of positive spatial interactions
across municipalities. (JEL C31, Q24)

I. INTRODUCTION

Emissions released as a result of tropical
land clearing alter climatological and ecolog-
ical processes at various scales (Fearnside and
Laurance 2004; Morton et al. 2005). During
the 1980s and 1990s clearing in the tropics
produced nearly one-fifth of global carbon
emissions, and activities in the Brazilian Am-
azon accounted for more than 25% of that
(Loarie, Asner, and Field 2009; Okereke and
Dooley 2010). Establishing the link between
tropical land clearing and global environmen-
tal change reinforced the previously recog-
nized need to curb illegal clearing as a means
of economic subsistence. The Brazilian gov-
ernment has implemented a variety of policies
to meet these objectives, with varied success
(Andersen et al. 2002). In this paper, we con-
duct a spatial econometric analysis of land
clearing in the Brazilian Amazon to better un-
derstand the spatial, ecological, and socioeco-
nomic mechanisms that drive tropical land
clearing decisions.
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Starting in 1990, Brazilian officials imple-
mented a suite of policies to reduce rain forest
loss using a combination of monitoring, zon-
ing, and private land restrictions (Fearnside
2005). However, enforcement has been
plagued by an inability to compete with the
short-term economic incentives to clear land,
ineffective monitoring of large remote areas,
and a perceived low probability that violators
will be caught (Laurance 1999; Fearnside
2003; Brito, Barreto, and Rothman 2006). De-
spite the intervention, frontier farmers contin-
ued to increasingly deforest the Brazilian Am-
azon through the early 2000s (Laurance et al.
2002, 2004).

While recent satellite data shows that land
clearing in Brazil peaked in 2004 and has
since decreased, it is unclear whether the re-
duction is attributable to policy measures ad-
dressing the local causes of deforestation, or
price decreases in global food markets (Re-
galado 2010). If Brazil is to maintain lower
levels of clearing and progress toward sus-
tainable use of its land resources, it must de-
velop policies that address the root causes and
drivers of land clearing, instead of reacting to
and mitigating the consequences. Continued
research is required to investigate how inter-
actions between Brazilian frontier colonists,
socioeconomic conditions, and the surround-
ing ecosystem drive land clearing decisions.

Farmers in Brazil are highly dependent on
natural resources from the environment to
produce agricultural products and generate in-
come (Andersen et al. 2002). Identifying how
ecological characteristics affect land clearing
decisions could facilitate novel agricultural
adaptations that increase the sustainability of
the system. Further, research suggests that
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land clearing decisions may be highly influ-
enced by the actions of others in proximity
(Mena, Bilsborrow, and McClain 2006; Cal-
das et al. 2007). Accounting for strategic in-
teractions could help the Brazilian govern-
ment more successfully prioritize locations
for policy intervention.

This paper empirically investigates the
drivers of tropical land clearing between 1975
and 1995. The objectives are twofold. First,
we examine the effects of ecosystem produc-
tivity on land clearing. A function of soil fer-
tility and climate, productivity may play a cru-
cial role in the land clearing decisions made
by Brazilian farmers (Huston 1993). While
previous research has investigated the influ-
ence of soil characteristics and climatic vari-
ables on land clearing, this study is the first to
our knowledge that estimates the effect of cat-
ion exchange capacity (CEC) on land clear-
ing. We find a negative relationship between
CEC and land clearing.1

Secondly, we improve on past literature by
introducing methods that explicitly deal with
endogeneity in spatial interactions inherent in
land clearing patterns (Anselin 1988; LeSage
and Pace 2009) and use methods recom-
mended by Mur and Angulo (2009) to make
our spatial econometric model selection.
While Pattanayak and Butry (2005) estimate
a similar model for farm labor demand in In-
donesia, our study is the first to estimate the
spatial mixed model for land clearing in the
Amazon, controlling for both spatial autore-
gression and spatial autocorrelation. Failing to
account for spatial interactions when present
can lead to biased coefficient estimates of
other predictor variables. In our analysis we
estimate the ordinary least squares (OLS), the
spatial lag, the spatial error, and the spatial
mixed models. Additionally, we present for-
mal test statistics for choosing between them.
In our analysis we find that spatial econo-
metric models are statistically superior to

1 The CEC of the soil has been collected by the United
Nations Food and Agriculture Organization surveys since
1981 as an indicator of crop and forest productivity (FAO
et al. 1998). Economists have previously made limited use
of this ecosystem productivity measure. For example, Vera-
Diaz et al. (2008) use a soybean yield variable that is cal-
culated based on CEC.

OLS models, highlighting their importance
for estimating unbiased coefficients. In statis-
tically preferred specifications, the spatial lag
is positive and significant, suggesting that in-
creased land clearing in one municipality fa-
cilitates land clearing in nearby municipali-
ties.

II. CONTEXTUAL BACKGROUND

Rain Forest and Economics in the Brazilian
Amazon

The Amazon rain forest extends over an
area of 5.5 million km2, 60% of which is in
the northern region of Brazil. While land
clearing has occurred in the Brazilian Amazon
for hundreds of years, the modern era began
in the late 1960s and early 1970s as Brazil
implemented the economic development
program Operation Amazonia (Cochrane
2009; Banerjee, Macpherson, and Alavalapati
2009). Operation Amazonia used fiscal- and
credit-based agricultural subsidies, coloniza-
tion and regional incentive programs, and
road/infrastructure expansion to create inte-
grated growth poles. As a result of the poli-
cies, per capita income tripled and population
grew by more than 5% per year between 1970
and 1980. Average annual farm area grew by
6%, crop area by 11%, and cattle stocks by
8.9% per year throughout the decade (Ander-
sen et al. 2002).

Economic expansion during the 1970s pre-
ceded national recession in the 1980s. While
per capita income continued to grow at 3.3%
per year, hard economic times led to an im-
portant sectoral shift from industry and infra-
structure development to agriculture as the
main economic activity (Fujisaka et al. 1996).
Barbosa (2000, 83) stated, “Brazil almost
overnight became an environmental villain
when the eco-politics of the world-system
changed in the mid-1980s.” In 1990, respond-
ing to international perceptions, Brazil imple-
mented the Commission for Coordination of
Ecological-Economic Zoning in the Northern
Territory. The policy partitioned public rain
forest into several land use zones based on the
amount of deforestation deemed acceptable.
Land use in the zones ranged from complete
protection of the most ecologically beneficial
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and fragile areas, to unhindered development.
Since implementation, Brazil expanded the
zoning system to include portions of private
land. They further mandated that all private
landowners must maintain 50% of their land
in a natural state, and in 1996 that figure was
increased to 80% (Andersen et al. 2002).

In the late 1990s Brazil attempted to merge
development and environmental protection
into cohesive policy. Known as Avanya Brazil,
the measure promised approximately $74 bil-
lion of investment dedicated to developing the
Amazonian region. While the government al-
located the majority of the money to fund in-
frastructure and development programs, about
5% supported environmental projects. Al-
though the ecological and socioeconomic
consequences of Avanya Brazil remain un-
known, researchers predict everything from
responsible forest use (Andersen et al. 2002)
to significant environmental damage (Laur-
ance et al. 2001).

Ecological and Economic Consequences of
Land Clearing

Land clearing in the Brazilian Amazon sig-
nificantly alters ecological processes, with lo-
cal to global implications (Aragão et al. 2008;
Gardner et al. 2008; Grau and Aide 2008).
The Brazilian rain forest accounts for 40% of
the remaining tropical forests on earth (Ro-
drigues et al. 2009). Conversion of atmo-
spheric carbon to plant biomass as a result of
photosynthesis in tropical forests contributes
to global climatic stability, moderating local
hydrology and weather dynamics (Gibbs et al.
2007).

The Amazon also houses the most concen-
trated biodiversity found on earth, accounting
for approximately 25% of the world’s plants
and animals (Betts, Malhi, and Roberts 2008).
Land clearing threatens the survival of many
species in the Amazon. Large-scale activities
like mechanized farming, cattle ranching, and
industrial development can drive species and
populations to extinction by eliminating entire
habitats. However, even land clearing con-
ducted at very small scales can put biodiver-
sity at risk by causing spatial fragmentation.
Spatial fragmentation or heterogeneous mo-
saic patterns of forest, alternated with open

fields and roads, impedes animal movements,
limits their reproductive capabilities, and may
genetically isolate populations (Broadbent et
al. 2008). Genetic isolation reduces variation
in the population gene pool and potentially
lowers individual fitness. Additionally, frag-
mentation can decrease seed recruitment and
plant biomass, increase carbon emissions, de-
crease rainfall, and contribute to a greater
likelihood of fire (Perz et al. 2007).

Economically, the forest provides for the
livelihoods of Brazilians from a variety of so-
cioeconomic backgrounds (Perz 2001; Pa-
checo 2009). Until recently, landless migrants
could acquire property rights under Brazilian
law by showing residency and productivity on
a plot of land. Normally, this entailed clearing
the land for agricultural development (Fearn-
side 2008; Nepstad et al. 2002).

Tropical soils are typically low in available
plant nutrients as compared to other biomes.
As a result, small-scale farmers supplement
existing belowground plant nutrients by slash-
ing and burning the aboveground vegetative
biomass. Burning vegetation releases critical
nutrients stored in live plant material. How-
ever, by-products of burning plant biomass
also include the release of greenhouse gases
like nitrogen oxides and carbon dioxide into
the atmosphere (Zarin et al. 2005). This
method is known as swidden agriculture, or
slash-and-burn farming. Soil fertility is in-
creased for a short time until the combination
of crop uptake and leaching by rainfall often
depletes the soil nutrients to their original lev-
els in approximately three to four years (An-
dersen et al. 2002). After which, farmers must
either rely on fertilizer to maintain productiv-
ity or abandon the land for new property.

Slash-and-burn farming is responsible for
two-thirds of past tropical land clearing
(Wright and Mueller-Landau 2006). Tradi-
tionally used swidden practices conducted in
large forest areas with low agricultural density
and long fallow periods are considered sus-
tainable and do not compromise soil fertility
or forest regeneration capability (Johnson et
al. 2001; Pedroso-Junior, Adams, and Mur-
rieta 2009). However, as agricultural meth-
odologies shift and production intensifies,
slash-and-burn farming can dramatically de-
grade land quality, alter hydrological pro-
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cesses, and intensify wildfire risk (Nepstad et
al. 2008).

Following colonization of frontier forest,
economic opportunities evolve as people in-
creasingly migrate into the area looking for
land. Slash-and-burn farming transitions to
larger-scale activities such as ranching, com-
mercial logging, and mining (Fearnside
2008). Resulting from the establishment of
commercial enterprises, investment in infra-
structure creates access to previously undis-
turbed forest. Population pressures increase,
agricultural land is exhausted, and frontier
farmers are forced deeper into the tropical for-
est in search of new economic opportunities.
Research shows that during the initial estab-
lishment and expansion of the land use cycle,
indicators of socioeconomic development and
human well-being increase as a function of
deforestation extent. However, as land clear-
ing continues, resources supporting the com-
munities become scarce, indicators of societal
health deteriorate, and the unsustainable na-
ture of development forces people to move on
and clear new land (Rodrigues et al. 2009).

Environmental Characteristics in Land
Clearing Literature

Ecosystem productivity is a function of cli-
matic and soil characteristics (Huston 1993).
A variety of studies have investigated the in-
fluence of such factors on land clearing in the
tropics. In a small-scale study of one county
in the eastern part of the Amazon basin, Cal-
das et al. (2007) find a significant positive re-
lationship between soil quality, as measured
by soil type and water availability, and land
clearing. While studying 51 conservation
units throughout the state of Rondonia, Brazil,
Pedlowski et al. (2005) fail to identify a re-
lationship between soil type and land clearing;
however, they suspect this is due to the uni-
formly low soil fertility throughout the study
sites. In the tropical forests of Mexico, how-
ever, soil quality increases forest conversion
(Deininger and Minten 2002). Contrary to
these studies, Andersen et al. (2002) use a va-
riety of properties to classify soil into different
quality categories throughout the Brazilian
Amazon. They find that increasing the amount

of good soil in a given area decreases land
clearing. The authors speculate this is a result
of where roads were initially placed in the
Brazilian Amazon. Many were constructed
with little consideration to the environmental
conditions or potential agricultural productiv-
ity of the land they provided access to. Al-
though we use a different measure of soil fer-
tility (i.e., CEC), our study area and the spatial
scale of our study units are similar to those of
Andersen et al. We are therefore likely to find
similar results.

Andersen et al. (2002) also find that annual
precipitation above 2,200 mm has mixed ef-
fects on land clearing, and warmer seasonal
temperatures increase the growth of land
clearing. Chomitz and Thomas (2001, 2003),
however, show in a cross-sectional study of
the Brazilian Amazon using data from 1995
that the majority of clearing occurs in dryer
areas, and the number of agricultural estab-
lishments decreases as precipitation increases.
Sombroek (2001) finds that the areas in the
Brazilian Amazon with the most active agri-
culture have at least five consecutive months
a year with less than 100 mm of rain. The
author suggests that increasing precipitation
decreases land clearing due to impacts on ag-
ricultural productivity related to the prolifer-
ation of pests and plant diseases, the chal-
lenges of maintaining infrastructure, and the
inability to harvest crops mechanically
(Schneider et al. 2002).

Individual factors that determine ecosys-
tem productivity have been relatively well ad-
dressed; however, the effect of ecosystem pro-
ductivity on land clearing decisions in the
Amazon needs further study. In ecological
theory, debate exists about the best measures
of terrestrial ecosystem productivity. Net pri-
mary productivity (NPP), or the production of
plant biomass per unit area per unit time, is
the traditional indicator. New global analysis
conducted by Huston and Wolverton (2009)
identifies major problems with current models
of NPP. Their research suggests that soil fer-
tility, such as CEC, is a more accurate indi-
cator of terrestrial ecosystem productivity.
Our analysis uses CEC, or the capacity of soil
to hold and provide plant nutrients. This in-
dicator of soil fertility provides important in-
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formation about natural terrestrial ecosystem
productivity and about soil’s potential pro-
ductivity after conversion to agricultural use.

Climatic variables must also be accounted
for when considering ecosystem productivity.
Factors such as precipitation may be a key
determinant in soil nutrient availability. As
precipitation increases, soil fertility decreases
due to higher rates of soil weathering and nu-
trients leaching out of the soil profile with in-
creased water movement (Hölscher et al.
1997). Heimann and Reichstein (2008) sug-
gest that on a variety of scales, changes in the
timing, frequency, and amount of rainfall can
have profound effects on terrestrial ecosystem
productivity.

Spatial Econometrics in Land Clearing
Literature

Few studies in the land clearing literature
include spatial econometric techniques to ac-
count for spillover effects of neighbors’ land
clearing and ensure unbiased estimation of co-
efficients. We organize our discussion of past
research based on the types of spatial econo-
metric models estimated by each study. In a
contribution to spatial econometric theory,
Mur and Angulo (2009) suggest specification
tests are more robust when moving from a
general model (the spatial mixed model) to a
specific model (OLS) if the data-generating
process involves anomalies, such as heteros-
kedasticity with a spatial pattern. The only
study in related literature that estimates the
spatial mixed model is that of Pattanayak and
Butry (2005). They model farm labor demand
in Indonesia, a weak complement of defores-
tation, and find statistically significant spatial
lag and spatial error coefficients only when
included separately in the model. Their study
uses a cross-sectional dataset at the farm level
and therefore cannot exploit time-series vari-
ation as we do using a panel dataset to provide
a more contextually rich understanding of
land clearing over time. We also present for-
mal test statistics for choosing between the
spatial lag, the spatial error, and the spatial
mixed models to help tease apart the mecha-
nisms driving the spatial processes in our re-
gressions.

Most of the previous spatial econometric
land clearing literature, discussed below, fo-
cuses on moving from the specific to general
approach. This technique uses Lagrange mul-
tiplier tests in OLS regression to choose be-
tween the spatial lag and the spatial error
models. While estimating deforestation on
producer properties throughout the Brazilian
Amazon, Walker, Moran, and Anselin (2000)
find no evidence of the spatial lag or the spa-
tial error in their sample using contiguity-
based weighting matrices. As a result they do
not estimate the spatial models. Employing a
similar methodology, Caldas et al. (2007) do
find evidence of a spatial lag and estimate a
positive spatial lag coefficient in their full
model. While Mena, Bilsborrow, and Mc-
Clain (2006) do not consider the spatial error
term in a study of deforestation at the farm
and parish levels in northern Ecuador; they do
estimate a positive spatial lag in deforestation
rates. Nelson, Harris, and Stone (2001) dis-
cuss the possibility of the spatial lag and the
spatial error but do not explicitly estimate or
test for these effects. None of the studies de-
scribed here consider land clearing growth
rates to better understand the short-term ef-
fects of explanatory variables on land clearing
or control for cross-sectional unit fixed effects
as we do.

Using essentially the same data as our
study, a recent working paper by Loureira,
Sachsida, and Cardoso do Mendonca (2010)
explicitly deals with the spatial error and care-
fully models the endogeneity between com-
peting land uses. Also, Chomitz and Thomas
(2003) and Klemick (2011) both estimate
cross-sectional spatial error models while
studying the effects of rainfall on land clear-
ing in the Brazilian Amazon and valuating fal-
low land in an eastern state of Brazil. How-
ever, these three studies do not examine the
presence of spatial lags in their models. Not
accounting for relevant spatial lags may bias
the coefficients of the included explanatory
variables. Our study, as well as those of Pat-
tanayak and Butry (2005), Caldas et al.
(2007), and Mena, Bilsborrow, and McClain
(2006), finds statistically significant spatial
lag coefficients, highlighting their importance
when modeling tropical land clearing. While
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TABLE 1
Descriptive Statistics

Variable Obs. Mean Std. Dev. Min. Max. Data Source

ln(Land Clearing)a 1,010 7.54 1.10 3.71 11.30 IPEA 2010
ln(Land Clearing) growth 747 −0.05 0.40 −2.47 1.80 IPEA 2010
ln(CEC) 1,010 1.76 0.91 −1.47 4.33 Batjes, Bernoux,

and Cerri 2004
ln(Area) 1,010 8.32 1.75 4.65 13.18 IPEA 2010
Precipitationb 1,010 1.98 0.51 1.09 3.27 IPEA 2010
Summer Tempb 1,010 26.35 0.72 23.51 28.15 IPEA 2010
Winter Tempb 1,010 26.16 0.72 22.56 27.13 IPEA 2010
ln(Cattle) lagged 1,010 9.16 2.21 1.10 14.54 IPEA 2010
ln(Local Transp) 1,010 6.73 0.79 3.53 8.69 IPEA 2010
ln(National Transp) 1,010 8.26 0.44 7.15 9.58 IPEA 2010
ln(Rural GDP/Pop) lagged 1,010 0.19 0.72 −3.10 2.70 IPEA 2010
ln(Urban GDP/Pop) lagged 1,010 1.34 0.78 −0.57 5.32 IPEA 2010
Rural Pop Percent 1,010 0.64 0.20 0.04 0.98 IPEA 2010
ln(Land Clearing) lagged 747 7.59 1.09 4.01 11.30 IPEA 2010
ln(Cattle) growth lagged 747 0.24 0.71 −3.67 5.53 IPEA 2010
ln(Local Transp) growth 747 −0.11 0.13 −0.69 0.09 IPEA 2010
ln(National Transp) growth 747 −0.15 0.07 −0.50 −0.02 IPEA 2010
ln(Rural GDP/Pop) growth lagged 747 0.28 0.57 −3.02 2.98 IPEA 2010
ln(Urban GDP/Pop) growth lagged 747 0.04 0.56 −2.03 3.96 IPEA 2010
Rural Pop Percent growth 747 −0.07 0.06 −0.43 0.25 IPEA 2010

a Land clearing is proxied by the number of new agricultural establishments.
b The precipitation and temperature data originated from a global 10-minute latitude/longitude model of several climatological variables

interpolated from weather station readings between 1961 and 1990 (New et al. 2002).

at least some of the previous studies use meth-
ods that consider the effects of spatial pro-
cesses, our study is the first to our knowledge
that systematically tests for differences in spa-
tial lag, spatial error, and spatial mixed mod-
els, as recommended by Mur and Angulo
(2009).2

III. STUDY AREA AND DATA SOURCES

Our study focuses on the 6 million km2 de-
fined by the Brazilian government as the Le-
gal Amazon. Covering portions of 10 interior
states, the Legal Amazon acts as an adminis-
trative boundary including the Brazilian por-
tion of the Amazon Basin. Seven of these
states make it into our sample. Delineated in
1953, it was originally created as part of an
effort to spur development and infrastructure
in the northern regions of Brazil. As a result,
the Legal Amazon encompasses a variety of
other land cover types in addition to dense

2 For further review, Holloway, Lancombe, and LeSage
(2007) discuss spatial econometric issues for bioeconomic
and land use modeling.

rain forest. These include but are not limited
to open rain forest, transitional forest, and
bushy savannah (Fearnside and Ferraz 1995).

This paper explores the relationships be-
tween cleared land in the Legal Amazon and a
suite of spatial, environmental, demographic,
and socioeconomic variables (Table 1). The
majority of data used in this analysis comes
from an agricultural census conducted by the
Brazilian government roughly every five years
including 1970, 1975, 1980, 1985, and 1995.
Data were compiled and made available by the
Institute of Applied Economic Research in
Brazil (IPEA 2010). The IPEA acts as a clear-
inghouse with the intention of providing per-
tinent, clear, and accessible data for academics,
NGOs, and governments on topics related to
Brazilian economics, society, and environ-
ment. The agricultural census categorized land
at the municipal level as either private agricul-
tural establishments or publicly held. Since
1970, the government has redrawn municipal-
ity boundaries several times, accommodating
population growth and frontier expansion. To
maintain consistent units of analysis over the



89(4) Hansen and Naughton: Drivers of Land Clearing in Brazil 705

FIGURE 1
Land Clearing by Minimum Comparison Area (MCA), Measured by the Adjusted Number of New

Agricultural Establishments, 1985–1995

study period, municipalities were aggregated
into areas of minimum comparison (MCAs).
Our sample contains 256 MCAs.

In our analysis, we defined cleared land as
the logarithm of the number of new agricul-
tural establishments created approximately
every five years during the study period. Ag-
ricultural establishments are any continuous
section of land under single ownership, urban
or rural, used to produce some sort of plant or
animal product, such as crops, livestock, or
lumber. The census considers all public land
as uncleared. As Andersen et al. (2002) point

out; this assumption may prove tenuous be-
cause until recently Brazilian citizens could
obtain ownership rights on public land by
converting and farming it. However, quanti-
fying cleared land as the number of agricultural
establishments provides a valuable alternative
to satellite-based binary land classification,
which may miss small-scale activities and se-
lective logging. For our analysis we calculated
both the total levels of land clearing and the
growth of land clearing every five years during
the study period. Figure 1 presents a map of
land clearing by MCA between 1985 and 1995.
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Our data on CEC come from updates to the
FAO et al.’s (1998) Soil and Terrain Digital
Database for Latin America and the Carib-
bean, conducted by Batjes, Bernoux, and
Cerri (2004). Large-scale soil mapping de-
scribes soils in a region according to a number
of characteristics and then aggregates like ar-
eas into soil units. Once mapped, the authors
located all available field-based soil surveys
conducted in soil units and used regional ex-
perts to choose the most representative survey
for each unit. While soil characteristics such
as CEC may vary widely across each soil unit,
over time, and can be influenced by land use,
these data are meant to serve as a best estimate
of natural soil fertility, independent of land
use in the region and constant over time (Van
Engelen and Wen 1995). Using the “extract
by mask” and “calculate statistics” tools in
Arc GIS Desktop 9.3 we calculated the mean
CEC value for each MCA (ESRI 2008). When
aggregated to the MCA level, CEC variation
within any given MCA was lost. We found a
maximum standard deviation of 25.8 cmol/kg
and an average standard deviation of 12.9
cmol/kg per MCA (Appendix Table A1).
While, we believe our measurements are the
most consistent representation of soil fertility
at the scale of the study, finer-scale variation
in CEC not accounted for may yield a differ-
ent relationship with land clearing than we
find regionally. As our measurement of CEC
remains constant over time, we use a single
CEC value per MCA that does not change
across study periods. Figure 2 provides a map
of mean CEC by MCA collected in soil sur-
veys conducted since 1984.

Climate is controlled by annual precipita-
tion, summer temperature, and winter tem-
perature averaged over 1961–1990. These
variables are obtained from the IPEA (2010)
database. While seasonal weather can vary
greatly from year to year, using averages cal-
culated over a 30-year period provides im-
portant information on the long-term climatic
patterns for each MCA.

Demographic and socioeconomic variables
in our model include the number of cattle, lo-
cal and national transportation costs, value-
added rural and urban GDP per capita, and
percent of MCA population living in a rural
setting. We incorporate the number of cattle

per MCA in our analysis to distinguish be-
tween the effects of small-scale slash-and-
burn agriculture and industrial cattle produc-
tion on land clearing. Previous research shows
that a large proportion of the Brazilian rain
forest is cleared for cattle, and how ranchers
choose where they clear may be fundamen-
tally different from other colonists (Walker,
Moran, and Anselin 2000).

We include indices of local and national
transportation costs to account for the cost of
selling produced goods at market in each
MCA, as well as to control for the distance of
each MCA to Brazil’s more industrialized
eastern coast. The local transportation index
measures the cost of transporting goods to the
nearest municipal capital. The national trans-
portation index measures the cost of trans-
porting goods to São Paolo, the country’s
commercial center.

Finally, we account for both the proportion
of rural-to-total population as well as rural and
urban value-added GDP per capita. Value-
added GDP measures the value of an MCA’s
final output minus the value paid for inter-
mediate consumption. This measure of GDP
may be negative if people consume more at
the intermediate levels than the final product
is worth. For example, crop failures or lower
than expected agricultural prices can lead to
lower final output than the cost of creating the
product (Andersen et al. 2002). A demo-
graphic census was conducted every 10 years
during our study period in which they mea-
sured population size. For our mid-decade pe-
riods we interpolate population values. The
Brazilian government collected mid-decade
GDP data in an economic census.

IV. EMPIRICAL MODEL

In this analysis our two dependent vari-
ables of interest are the level and the growth
rate of land clearing. The equations for the
level of land clearing provide information on
the effects of explanatory variables in the
longer-term, and the growth rate equations
provide insight into the shorter-term effects.
Central to our study is the maximum likeli-
hood estimation of the spatial mixed model,
which includes both spatial lag and spatial er-
ror terms:
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FIGURE 2
Mean Cation Exchange Capacity by Minimum Comparison Area (MCA) (cmol/kg)

Y = ρ ω Y + b X + b Z + γTrend + u , [1]i,t ij j,t 1 i 2 i,t t i,t�
i ≠ j

where,

u = λ ω u + ε . [2]i,t � ij j,t i,t
i ≠ j

In equation [1], is the log-transformedYi,t
level or growth of land clearing in MCA i in
year t (1975, 1980, 1985, 1995). In regres-
sions with the state fixed effects, Xi is a vector
of independent variables that vary by MCAs
but remain constant over time, as well as state
fixed effects. Time-invariant variables include

the logarithm of CEC, logarithm of area, pre-
cipitation, summer temperatures, and winter
temperatures. In regressions with the MCA
fixed effects, Xi stands for MCA fixed effects
alone. Zi,t is a vector of independent variables
that vary by MCAs and across time, including
the logarithm of number of cattle, two log-
transformed transportation indices, the loga-
rithm of rural and urban per capita GDP, and
rural population percent. To control for poten-
tial endogneity between land clearing, cattle,
and the GDP variables, we use one-period
lagged cattle and GDP variables in our re-
gressions. The variables in vector Z are in-
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cluded in either levels or growth rates, de-
pending on the form of the dependent
variable. In the growth rate equations, we in-
clude the lagged level of land clearing, similar
to Andersen et al. (2002). Clearly, growth
rates of land clearing cannot be very high for
MCAs that have already experienced signifi-
cant land clearing in the past. The model also
includes a time trend and an independent and
identically distributed random error term, .εi,t

The spatial lag, , is the weightedω Y� ij j,t
i ≠ j

average of the other MCA’s land clearing,
where weights are based on the inverse dis-
tance between MCAs.3 The spatial lag intro-
duces an endogeneity problem that we explic-
itly deal with by using maximum likelihood
estimation discussed by LeSage and Pace
(2009) and Anselin (1988). In our estimation
routine we employed spmlreg Stata code de-
veloped by Jeanty (2010).4 It is the spatial lag
coefficient, , that lends itself to interpretationρ
of strategic interactions between MCAs. In
other words the coefficient describes howρ
land clearing in an average MCA is influenced
by neighboring MCAs’ land clearing. For ex-
ample, if neighboring MCAs develop infra-
structure for transporting lumber to different
markets, then a positive spatial lag in land
clearing may be induced. Spatial interactions
could also be driven by proximity of equip-
ment and increased demand by neighboring
colonists for more land to clear.

The spatial error, , is the weightedω u� ij j,t
i ≠ j

average of the other observations’ error terms,

3 To create the matrices necessary for modeling spatial
spillovers, we calculated the x,y coordinates for the centroid
of each MCA using the “polygon to centroid” tool in the
XTools Pro extension of Arc GIS Desktop 9.3 (ESRI 2008).
Coordinates were converted into a text file and imported into
R.gui (R development Core Team 2005). Using the spatial
package “Fields” to calculate the Euclidian distances be-
tween all of the centroids in kilometers, we generated a dis-
tance matrix for each agricultural census year (Furrer,
Nychka, and Sain 2009). We then used Stata software to
aggregate the matrices into one, with each census year ma-
trix on the diagonal and the rest filled with null values (Stata
2007).

4 The Social Science Gateway (SSG), hosted by NSF
grant SES-0922005, allowed us to estimate these computa-
tion-heavy regression models. Even with the powerful com-
puters of SSG it took days to estimate each of the spatial
equations.

using the same weights as for the spatial lag.
The spatial error coefficient, , does not lendλ
itself for interpretation as does the spatial lag
coefficient. The spatial error coefficient, in-
stead, provides evidence of inherent similarity
( ) or dissimilarity ( ) betweenλ >0 λ <0
MCAs located near one another.

As a baseline, we present the OLS regres-
sions that assume that both the spatial lag and
the spatial error coefficients equal zero. Then
we separately estimate the spatial lag and the
spatial error models that allow one of the two
spatial coefficients to take on nonzero values.
Finally, the full model presented in this sec-
tion is estimated. This methodology is exe-
cuted for both level and growth rate of land
clearing. We use Hendry’s methodology out-
lined by Florax, Folmer, and Rey (2003), a
general-to-specific (Gets) approach, in choos-
ing our statistically preferred econometric
model. The Gets approach’s robustness to
anomalies in the data-generating process is
discussed by Mur and Angulo (2009).

V. RESULTS

We conducted a spatial econometric anal-
ysis to better understand how spatial, ecolog-
ical, and socioeconomic characteristics drive
tropical land clearing in the Legal Amazon
between 1975 and 1995. This section dis-
cusses the estimated models for levels and
growth rates of land clearing. For each depen-
dent variable, we first include state fixed ef-
fects and time-invariant characteristics of
MCAs. Then we substitute state fixed effects
for MCA fixed effects, which forces us to ex-
clude the other time-invariant variables. In our
analysis OLS models are rejected in favor of
the spatial models, using the likelihood-ratio
tests. Thus, we focus our discussion on the
spatial models.

Level of Land Clearing

Table 2 presents the estimated models for
level of land clearing with state fixed effects
and the time-invariant variables. These re-
gressions provide estimates of the longer-term
effects on land clearing. Based on the likeli-
hood ratio tests, the spatial mixed model dom-
inates in this form of the regression, providing
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TABLE 2
ln(Land Clearing), State Fixed Effects

(1) (2) (3) (4)
Variable OLS Spatial Lag Spatial Error Spatial Mixed

Rho −0.340* (0.205) 0.772*** (0.084)
Lambda −0.651** (0.274) −2.881*** (0.428)
ln(CEC) −0.105*** (0.038) −0.110*** (0.038) −0.113*** (0.042) −0.118*** (0.035)
ln(Area) 0.032 (0.026) 0.029 (0.026) 0.027 (0.030) 0.027 (0.027)
Precipitation 0.524*** (0.129) 0.565*** (0.130) 0.496*** (0.126) 0.332*** (0.097)
Summer Temp −0.255** (0.126) −0.246** (0.125) −0.251* (0.133) −0.249** (0.105)
Winter Temp 0.199 (0.128) 0.192 (0.127) 0.215* (0.128) 0.241** (0.099)
ln(Cattle) lagged 0.041** (0.019) 0.040** (0.019) 0.037* (0.021) 0.035** (0.017)
ln(Local Transp) −0.031 (0.062) −0.032 (0.062) −0.024 (0.060) −0.029 (0.050)
ln(National Transp) −0.198 (0.190) −0.209 (0.190) −0.248 (0.179) −0.199 (0.142)
ln(Rural GDP/Pop) lagged 0.022 (0.052) 0.026 (0.052) 0.051 (0.057) 0.015 (0.046)
ln(Urban GDP/Pop) lagged −0.037 (0.046) −0.029 (0.046) −0.002 (0.051) 0.007 (0.042)
Rural Pop Percent −0.082 (0.194) −0.086 (0.193) −0.091 (0.204) −0.107 (0.190)
Trend 0.015** (0.006) 0.019*** (0.006) 0.018*** (0.005) 0.010** (0.004)
Constant 8.789*** (1.759) 11.268*** (2.381) 8.692*** (1.762) 2.318 (1.538)
Observations 1,010 1,010 1,010 1,010
R-squared 0.149
Log-likelihood −1,449.137 −1,447.7705 −1,445.9332 −1,434.5596
Wald chi2 (null: OLS) 2.746* 5.649** 92.186***
(p-value) (0.098) (0.017) (0.000)
LR chi2 (null: OLS) 2.733* 6.407** 29.154***
(p-value) (0.098) (0.011) (0.000)
LR chi2 (null: sp. lag) 26.422***
(p-value) (0.000)
LR chi2 (null: sp. error) 22.747***
(p-value) (0.000)

Note: Sample years: 1975, 1980, 1985, 1995. Robust standard errors in parentheses. LR, likelihood ratio; OLS, ordinary least squares; sp.
error, spatial error; sp. lag, spatial lag.

* p<0.1; ** p<0.05; *** p<0.01.

evidence of positive spatial interactions be-
tween MCAs’ land clearing levels. An in-
crease in the proximate MCAs’ land clearing
levels by 1% increases the MCA’s land clear-
ing by 0.772% on average. This result is con-
sistent with the transportation and equipment
networks, as well as the new colonists’ de-
mand hypotheses.

We find a small negative effect of soil fer-
tility, as measured by CEC, on land clearing.
An increase in CEC levels by 1% decreases
land clearing by 0.118%. This finding
matches Andersen et al.’s (2002) result that an
increase in the share of good soil decreases
land clearing. In addition to the speculative
explanation offered by Andersen et al., we hy-
pothesize that frontier farmers may be choos-
ing land that is easier to clear, as opposed to
land that is naturally more productive. Addi-
tionally, we find that climate patterns are im-
portant determinants of land clearing in the

long run. An increase in precipitation by 1%
increases levels of land clearing by 0.332%.
Lower summer and higher winter tempera-
tures tend to decrease land clearing. As ex-
pected, an increase in the number of cattle by
1% increases level of land clearing by about
0.035%.

Continuing to use level of land clearing as
the dependent variable, Table 3 presents the
results with MCA fixed effects. Therefore, the
time-invariant variables drop out of this equa-
tion. In this form of the regression the spatial
lag model dominates. The size of the spatial
lag coefficient is comparable with the spatial
lag model from Table 2. The other explana-
tory variable that is statistically significant in
Table 3’s spatial lag model is urban per capita
GDP. Increasing urban per capita GDP by 1%
increases land clearing levels by 0.064%. This
suggests that land clearing is driven by eco-
nomic development in urban areas.
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TABLE 3
ln(Land Clearing), MCA Fixed Effects

(1) (2) (3) (4)
Variable OLS Spatial Lag Spatial Error Spatial Mixed

Rho 0.769*** (0.071) −0.695* (0.357)
Lambda 0.799*** (0.065) 0.902*** (0.045)
ln(Cattle) lagged −0.019 (0.026) −0.018 (0.021) −0.015 (0.019) −0.016 (0.019)
ln(Local Transp) 0.031 (0.124) −0.131 (0.105) −0.225* (0.118) −0.248** (0.118)
ln(National Transp) −0.596** (0.243) 0.008 (0.213) 0.269 (0.292) 0.333 (0.296)
ln(Rural GDP/Pop) lagged 0.013 (0.025) −0.022 (0.021) −0.032 (0.024) −0.036 (0.024)
ln(Urban GDP/Pop) lagged 0.102*** (0.025) 0.064*** (0.021) 0.053** (0.023) 0.053** (0.023)
Rural Pop Percent −0.097 (0.228) −0.025 (0.189) 0.023 (0.192) 0.030 (0.192)
Trend 0.021*** (0.006) 0.003 (0.005) 0.004 (0.008) 0.010 (0.014)
Constant 12.209*** (1.921) 2.740 (1.852) 6.993*** (2.099) 11.838*** (3.351)
Observations 1,010 1,010 1,010 1,010
R-squared 0.934
Log-likelihood −158.1464 −119.60729 −119.97129 −118.25543
Wald chi2 (null: OLS) 115.821*** 152.081*** 585.053***
(p-value) (0.000) (0.000) (0.000)
LR chi2 (null: OLS) 77.078*** 76.350*** 79.782***
(p-value) (0.000) (0.000) (0.000)
LR chi2 (null: sp. lag) 2.704
(p-value) (0.100)
LR chi2 (null: sp. error) 3.432*
(p-value) (0.064)

Note: Sample years: 1975, 1980, 1985, 1995. Robust standard errors in parentheses. LR, likelihood ratio; MCA, minimum comparison area;
OLS, ordinary least squares; sp. error, spatial error; sp. lag, spatial lag.

* p<0.1; ** p<0.05; *** p<0.01.

Growth of Land Clearing

Results for growth rates of land clearing
with state fixed effects are in Table 4. Here,
similar to the results from Table 2 we find that
the spatial mixed model performs the best
when the state fixed effects are included. Just
as before, there is a positive spatial interaction
in land clearing between MCAs and a nega-
tive, although now a statistically insignificant,
effect of CEC on land clearing. According to
expectations, MCAs with larger areas of land
cleared previously have, on average, lower
growth of land clearing. Similar to Table 3,
MCAs with higher urban per capita GDP ex-
perienced higher growth of land clearing. Fur-
thermore, we find that larger growth in na-
tional transportation costs increases land
clearing. This is counterintuitive for land
clearing involving commercial enterprises
such as cattle ranching and logging that ship
products to world markets. Yet, slash-and-
burn land clearing is likely to move into more
and more remote locations. If national trans-
portation costs proxy for remoteness, then we

find that land clearing is growing fastest in
remote areas of the Amazon.

When we replace state fixed effects in Ta-
ble 4 with MCA fixed effects in Table 5, the
spatial mixed model continues to perform the
best; according to the likelihood ratio tests all
the statistically significant coefficients have
the same signs. The effects of lagged land
clearing on the growth rate in this model with
MCA fixed effects are even larger than those
in the model with state fixed effects.

VI. CONCLUSIONS

Past research on land clearing in the tropics
has largely overlooked the influence of terres-
trial ecosystem productivity. Our spatial
econometric analysis suggests that soil fertil-
ity as measured by CEC and the effects of
annual precipitation play statistically signifi-
cant and counterintuitive roles in land clearing
processes throughout the Legal Amazon. We
present several speculative hypotheses that
may explain our findings.
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TABLE 4
Growth of ln(Land Clearing), State Fixed Effects

(1) (2) (3) (4)
Variable OLS Spatial Lag Spatial Error Spatial Mixed

Rho 0.324** (0.161) 0.626*** (0.148)
Lambda 0.192 (0.299) −1.030** (0.448)
ln(CEC) −0.020 (0.016) −0.020 (0.015) −0.020 (0.018) −0.020 (0.016)
ln(Area) 0.001 (0.009) 0.001 (0.009) 0.001 (0.010) 0.000 (0.010)
Precipitation −0.036 (0.049) −0.026 (0.049) −0.033 (0.055) −0.024 (0.046)
Summer Temp 0.026 (0.047) 0.021 (0.046) 0.024 (0.055) 0.016 (0.048)
Winter Temp −0.010 (0.045) −0.007 (0.044) −0.009 (0.056) −0.005 (0.047)
ln(Land Clearing) lagged −0.026* (0.014) −0.026* (0.014) −0.026** (0.013) −0.027** (0.013)
ln(Cattle) growth lagged 0.005 (0.024) −0.004 (0.024) 0.000 (0.021) −0.007 (0.019)
ln(Local Transp) growth −0.225* (0.117) −0.200* (0.115) −0.228* (0.124) −0.137 (0.101)
ln(National Transp) growth 1.025*** (0.219) 0.769*** (0.243) 0.954*** (0.274) 0.500** (0.220)
ln(Rural GDP/Pop) growth

lagged
−0.022 (0.023) −0.020 (0.023) −0.020 (0.025) −0.025 (0.024)

ln(Urban GDP/Pop) growth
lagged

0.089*** (0.025) 0.080*** (0.025) 0.084*** (0.027) 0.082*** (0.025)

Rural Pop Percent growth 0.126 (0.263) 0.115 (0.258) 0.116 (0.242) 0.142 (0.229)
Trend 0.024*** (0.003) 0.016*** (0.005) 0.024*** (0.003) 0.008* (0.004)
Constant 3.025*** (0.597) 2.049*** (0.788) 3.023*** (0.656) 1.189* (0.703)
Observations 747 747 747 747
R-squared 0.244
Log-likelihood −272.969 −271.2242 −272.77616 −268.70785
Wald chi2 (null: OLS) 4.068** 0.415 17.914***
(p-value) (0.044) (0.520) (0.000)
LR chi2 (null: OLS) 3.490* 0.386 8.522**
(p-value) (0.062) (0.535) (0.014)
LR chi2 (null: sp. lag) 5.033**
(p-value) (0.025)
LR chi2 (null: sp. error) 8.137***
(p-value) (0.004)

Note: Sample years: 1980, 1985, 1995. Robust standard errors in parentheses. LR, likelihood ratio; OLS, ordinary least squares; sp. error,
spatial error; sp. lag, spatial lag.

* p<0.1; ** p<0.05; *** p<0.01.

One explanation for these results may be
that farmers make land clearing decisions not
based on the productivity of the natural eco-
system but based on the ease of clearing. If a
farmer has the choice between two plots, one
heavily overgrown with large amounts bio-
mass per hectare and another more moder-
ately vegetated plot, the farmer may choose
the lower-productivity plot because it can be
cleared more easily. A farmer will potentially
pick a lower-productivity plot if the costs of
clearing a productive piece of land outweigh
the agricultural benefits accrued from farming
more fertile soil (Pichón 1997).

Another possibility is that when frontier
colonists farm on productive plots, less land
needs to be cleared because the land remains
agriculturally viable for longer. The combi-
nation of higher CEC and lower precipitation

means that soil is better able to retain plant
nutrients as they enter the soil and prevents
them from leaching out. As a result, when ar-
eas with higher productivity are slashed and
burned it may be that farmers are able to raise
crops for longer periods of time, reducing the
need for continued clearing (Barbier 2000).

Finally, as suggested by past research, eco-
logical conditions may not drive land clearing
decisions at the regional scale at all. Instead,
access to land as a result of where roads were
built might determine land clearing rates (An-
dersen et al. 2002). Roads were initially
placed with little consideration to the sur-
rounding ecological conditions and potential
agricultural productivity. In fact, they may
have been preferentially built through areas
that were relatively easy to clear, a potential
indicator of low CEC. Future research focused
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TABLE 5
Growth of ln(Land Clearing), MCA Fixed Effects

(1) (2) (3) (4)
Variable OLS Spatial Lag Spatial Error Spatial Mixed

Rho 0.481*** (0.132) 0.694*** (0.116)
Lambda 0.611*** (0.169) −0.977** (0.453)
ln(Land Clearing) lagged −0.793*** (0.117) −0.795*** (0.095) −0.795*** (0.046) −0.791*** (0.046)
ln(Cattle) growth lagged 0.003 (0.030) −0.012 (0.024) −0.013 (0.017) −0.018 (0.015)
ln(Local Transp) growth −0.172 (0.116) −0.141 (0.092) −0.214* (0.115) −0.054 (0.083)
ln(National Transp) growth 1.116*** (0.197) 0.705*** (0.177) 0.812*** (0.266) 0.465*** (0.176)
ln(Rural GDP/Pop) growth

lagged
−0.006 (0.023) −0.002 (0.018) 0.000 (0.019) −0.006 (0.018)

ln(Urban GDP/Pop) growth
lagged

0.068*** (0.026) 0.053*** (0.021) 0.049** (0.022) 0.056*** (0.021)

Rural Pop Percent growth −0.063 (0.278) −0.102 (0.219) −0.099 (0.216) −0.103 (0.198)
Trend 0.016*** (0.003) 0.004 (0.004) 0.017*** (0.004) −0.002 (0.003)
Constant 9.326*** (0.932) 7.834*** (0.778) 9.283*** (0.396) 7.136*** (0.545)
Observations 747 747 747 747
R-squared 0.627
Log-likelihood −8.879274 −2.8608993 −5.6328794 −0.56623014
Wald chi2 (null: OLS) 13.324*** 13.105*** 37.459***
(p-value) (0.000) (0.000) (0.000)
LR chi2 (null: OLS) 12.037*** 6.493** 16.626***
(p-value) (0.001) (0.011) (0.000)
LR chi2 (null: sp. lag) 4.589**
(p-value) (0.032)
LR chi2 (null: sp. error) 10.133***
(p-value) (0.001)

Note: Sample years: 1980, 1985, 1995. Robust standard errors in parentheses. LR, likelihood ratio; MCA, minimum comparison area; OLS,
ordinary least squares; sp. error, spatial error; sp. lag, spatial lag.

* p<0.1; ** p<0.05; *** p<0.01.

at the landholder or individual field scales
would help tease apart the mechanisms driv-
ing relationships between soil fertility and
land clearing.

Additionally, we provide strong evidence
for spatial methods in modeling land clearing
decisions. Our results indicate that land clear-
ing decisions made in neighboring MCAs in-
fluence both the level and growth of land
clearing in a given MCA. Further, it is im-
portant to test and account for spatial inter-
actions to ensure unbiased estimation of
model coefficients. For both level and growth
of land clearing, we find positive strategic in-
teractions between MCAs regardless of the
choice of fixed effects.

Recognizing the presence of spatial inter-
actions in land clearing processes has direct
policy application. Providing enforcement
and monitoring of government-protected nat-
ural forest is a major roadblock to effective
conservation policy in the Brazilian Amazon.
The areas are too large and resources are un-

available for effective comprehensive moni-
toring. When Brazil formulates new regu-
lation, it may find greater success if the
country prioritizes locations for policy inter-
vention based upon spillover effects between
municipalities.

Understanding the influences of ecosystem
productivity and spatial interactions on land
clearing decisions could provide important in-
formation on how to formulate a more sus-
tainable solution to the current environment-
development conflict. The push to end the
cycle of unsustainable forest conversion in
the Legal Amazon may benefit from a com-
bination of highly targeted and effective gov-
ernment policy intervention and innovation
in agricultural methodologies. Incorporating
spatial interactions into land clearing analyses
can help direct current policy intervention.
Further, better understanding the interactions
between terrestrial ecosystem productivity
and agricultural methodologies could help im-
prove the agricultural life-span of the land that
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is cleared. Creating small, highly productive
plots might help to increase development ef-
fectiveness by maximizing the ratio of agri-
cultural output to field area. The ecosystem’s
natural productivity may play an integral role
in formulating this more productive land
clearing strategy.

Ecologically, agricultural strategies based
on farming the most productive land could
have positive effects for both the maintenance
of tropical biodiversity and atmospheric car-
bon sequestration. From a biodiversity per-
spective, the highest number of plant and
small animal species tend to be in lower-pro-
ductivity areas. This is a result of reduced
competition that allows for a greater number
of different plant species to coexist in a given
area (Huston 1993, 2005; Huston and Mar-
land 2003). Further, studies show that even
lower-productivity forest stands can effec-
tively sequester atmospheric carbon and help
mitigate climatic change (Huston and Mar-
land 2003; Schlamadinger and Marland
1996). This suggests the potential for a social
and ecological win-win. Targeting areas with
high terrestrial ecosystem productivity for re-
sponsible agriculture could improve agricul-
tural output and sustainability while bolster-
ing biodiversity and carbon sequestration
capacity.

The results of this study highlight the need
for future research to systematically consider
and incorporate spatial interactions when
modeling tropical land clearing. Further study
is also needed regarding the relationships be-
tween land clearing and ecosystem productiv-
ity. First, researchers must improve remotely
sensed NPP models to better measure ecosys-
tem productivity at regional and global scales.
In lieu of improved NPP models we need to
investigate other measures of soil fertility and
climate, as different indicators have costs and
benefits that may influence land clearing de-
cisions. For example, while CEC measures
the potential capacity of soil to hold on to
critical plant nutrients now and in the future,
it provides little information on fluctuations of
the actual availability of nutrients over time.
Total exchangeable bases estimates the
amount of nutrients available at a given time
based on a location’s soil properties and ex-
ternal environmental factors, but provides lit-
tle information on future nutrient availability.
Finally, we need to better understand the
mechanisms that drive relationships between
terrestrial ecosystem productivity and land
clearing decisions. This will require more de-
tailed analysis of interactions between eco-
nomic and ecological variables at finer spatial
scales than the purview of this study, as well
as the feedbacks among those scales.

APPENDIX

TABLE A1
Descriptive Statistics of CEC by MCA

MCA Mean (CEC) Std. Dev. (CEC) Min. (CEC) Max. (CEC)

11AMC7097001 4.4 3.4 1.1 28.0
120030 28.6 10.6 9.7 35.3
12AMC7097001 16.5 9.9 5.3 35.3
12AMC7097002 20.2 12.3 3.6 35.1
12AMC7097003 19.0 10.3 9.7 35.3
130020 23.0 2.7 9.7 36.5
130040 3.9 1.8 0.0 13.1
130070 14.0 8.1 5.7 28.0
130090 8.5 8.9 4.3 28.0
130120 11.7 8.9 5.7 36.5
130140 17.7 7.2 8.2 28.0
130150 15.2 6.8 9.7 28.0
130160 26.1 12.9 6.4 36.5
130170 8.8 4.9 3.2 28.0

(table continued on following page)
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TABLE A1
Descriptive Statistics of CBC by MCA (continued)

MCA Mean (CEC) Std. Dev. (CEC) Min. (CEC) Max. (CEC)

130210 22.5 21.3 4.9 82.4
130220 14.7 10.0 4.9 36.5
130230 17.0 9.7 4.9 36.5
130240 8.1 6.7 2.1 28.0
130270 8.6 4.6 3.2 14.8
130280 26.1 12.5 4.3 36.5
130300 8.4 9.2 2.7 36.5
130310 13.5 4.3 12.3 36.5
130340 25.7 12.5 5.9 36.5
130350 10.6 7.5 3.7 35.1
130360 4.7 2.1 0.0 13.1
130380 49.8 38.1 0.0 82.4
13AMC7097001 10.7 8.6 4.3 28.0
13AMC7097002 17.4 7.4 8.2 28.0
13AMC7097003 8.2 8.8 1.1 36.5
13AMC7097004 11.3 8.2 1.1 36.5
13AMC7097005 20.1 12.5 2.7 36.5
13AMC7097006 11.5 9.5 7.4 36.5
14AMC7097001 5.0 3.6 0.0 12.0
150010 3.4 0.6 3.3 7.4
150030 46.1 20.2 3.8 55.7
150050 11.7 10.3 2.0 55.7
150070 4.8 1.1 3.8 6.0
150080 1.4 0.0 1.4 1.4
150090 10.7 9.9 0.0 20.5
150110 16.8 13.3 6.0 55.7
150120 7.1 3.0 3.3 12.7
150130 4.0 1.5 3.3 7.4
150140 6.8 16.7 1.4 55.7
150160 1.4 0.0 1.4 1.4
150180 32.6 25.8 3.8 55.7
150200 5.1 1.1 3.8 6.0
150210 5.2 4.8 3.3 55.7
150220 1.4 0.0 1.4 1.4
150230 3.2 2.1 1.4 21.5
150240 1.4 0.0 1.4 1.4
150250 37.8 19.7 3.8 55.7
150260 18.4 6.4 1.4 20.5
150280 18.9 23.6 3.8 55.7
150310 53.2 10.1 12.7 55.7
150320 1.4 0.0 1.4 1.4
150330 3.9 1.1 3.3 6.0
150340 1.4 0.0 1.4 1.4
150390 18.2 10.1 12.7 36.5
150400 5.5 10.6 3.3 55.7
150410 6.9 9.0 1.4 20.5
150430 9.8 9.7 1.4 20.5
150440 9.4 9.6 1.4 20.5
150450 44.0 19.3 12.7 55.7
150460 6.0 0.0 6.0 6.0
150480 11.6 14.2 2.7 55.7
150490 13.5 18.9 3.8 55.7
150500 1.4 0.0 1.4 1.4
150510 9.0 11.7 2.7 42.6
150520 9.0 5.3 3.3 55.7
150560 1.4 0.0 1.4 1.4
150570 9.2 13.6 3.8 55.7

d(table continued on following page)



89(4) Hansen and Naughton: Drivers of Land Clearing in Brazil 715

TABLE A1
Descriptive Statistics of CBC by MCA (continued)

MCA Mean (CEC) Std. Dev. (CEC) Min. (CEC) Max. (CEC)

150620 18.6 6.0 1.4 20.5
150630 8.9 10.8 3.8 33.6
150640 6.0 0.0 6.0 6.0
150650 1.4 0.0 1.4 1.4
150660 1.4 0.0 1.4 1.4
150690 1.4 0.0 1.4 1.4
150700 1.4 0.0 1.4 1.4
150740 1.4 0.0 1.4 1.4
150760 1.4 0.0 1.4 1.4
150770 12.5 19.5 3.8 55.7
150790 26.0 12.4 3.8 33.6
150800 3.3 0.0 3.3 3.3
150820 2.8 5.1 1.4 20.5
15AMC7097001 3.7 1.2 3.3 7.4
15AMC7097002 9.7 14.4 2.7 42.6
15AMC7097003 9.0 4.6 2.4 12.7
15AMC7097004 1.4 0.0 1.4 1.4
15AMC7097005 5.9 8.6 0.0 21.5
15AMC7097006 5.1 1.8 1.4 10.0
15AMC7097007 4.7 0.7 1.6 7.4
15AMC7097008 6.5 8.6 1.4 20.5
15AMC7097009 3.7 2.4 1.4 7.4
15AMC7097010 3.4 2.5 1.1 12.7
15AMC7097011 5.1 0.8 4.9 15.1
15AMC7097012 5.5 6.0 1.9 42.6
15AMC7097013 6.6 8.9 0.0 21.5
15AMC7097014 2.6 1.8 2.0 21.5
15AMC7097015 13.1 9.4 1.4 20.5
15AMC7097016 4.1 1.5 0.7 10.0
15AMC7097017 13.9 10.2 2.4 55.7
15AMC7097018 4.1 6.8 1.4 20.5
15AMC7097019 6.3 9.5 1.1 55.7
15AMC7097020 6.1 4.7 1.9 20.5
15AMC7097021 5.2 3.0 1.6 15.1
160020 6.1 3.5 2.0 9.3
160050 7.3 3.2 2.0 9.3
16AMC7097001 7.1 6.6 2.0 55.7
16AMC7097002 10.4 10.8 2.0 55.7
170290 5.8 2.7 4.6 10.7
170550 3.3 1.5 1.6 4.9
171110 4.8 0.3 4.1 4.9
171330 1.7 0.5 1.6 4.6
171360 1.7 0.3 1.6 3.2
172090 1.3 1.0 0.0 2.1
17AMC7097001 2.2 1.7 0.0 4.6
17AMC7097002 3.8 1.3 1.6 4.6
17AMC7097003 5.5 2.8 1.6 10.0
17AMC7097004 4.0 3.8 1.6 10.0
17AMC7097005 4.6 0.9 1.6 4.9
17AMC7097006 1.2 1.0 0.0 2.1
17AMC7097007 0.7 0.8 0.0 2.1
17AMC7097008 5.0 2.1 4.1 10.0
17AMC7097009 1.7 0.8 0.0 4.6
17AMC7097010 7.5 3.6 1.6 10.0
17AMC7097011 3.9 1.0 2.1 4.6
17AMC7097012 3.7 1.1 1.1 4.6
17AMC7097013 3.2 1.4 1.6 10.0

(table continued on following page)
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TABLE A1
Descriptive Statistics of CBC by MCA (continued)

MCA Mean (CEC) Std. Dev. (CEC) Min. (CEC) Max. (CEC)

17AMC7097014 1.7 1.2 0.0 4.6
17AMC7097015 2.8 1.4 1.1 4.6
17AMC7097016 1.6 0.0 1.6 1.6
17AMC7097017 3.0 1.2 1.6 5.1
17AMC7097018 3.3 0.6 1.6 4.6
17AMC7097019 2.4 1.2 1.6 4.6
17AMC7097020 4.0 1.2 1.6 4.9
17AMC7097021 6.4 3.6 1.6 10.0
17AMC7097022 0.9 0.9 0.0 2.1
17AMC7097023 1.9 1.3 0.0 4.6
17AMC7097024 4.1 1.1 1.6 4.9
17AMC7097025 12.2 9.8 1.6 29.2
17AMC7097026 3.8 3.4 0.0 10.0
17AMC7097027 4.5 1.0 1.6 4.9
210020 19.8 9.4 0.0 33.6
210050 1.6 0.5 1.1 2.1
210060 9.5 5.0 2.0 22.2
210070 9.4 14.2 0.0 33.6
210100 3.6 9.6 0.0 33.6
210110 6.8 10.8 3.0 33.6
210140 2.2 0.6 2.1 4.6
210190 4.8 8.6 0.0 33.6
210230 2.5 0.4 2.3 4.0
210250 1.7 7.5 0.0 33.6
210380 4.0 0.0 4.0 4.0
210420 2.4 0.5 2.3 4.0
210440 4.0 0.0 4.0 4.0
210450 4.0 0.0 4.0 4.0
210470 3.6 0.7 2.3 4.0
210490 15.6 8.1 3.0 20.5
210510 3.0 0.0 3.0 3.0
210560 22.2 0.0 22.2 22.2
210590 2.6 7.4 0.0 22.2
210610 2.2 0.3 2.1 3.0
210670 2.9 0.3 2.3 3.0
210730 3.0 0.0 3.0 3.0
210740 22.2 0.0 22.2 22.2
210760 1.7 7.5 0.0 33.6
210770 3.0 0.0 3.0 3.0
210830 0.0 0.0 0.0 0.0
210840 7.2 13.6 0.0 33.6
210880 4.1 0.0 4.1 4.1
210890 18.4 8.0 2.3 22.2
210920 3.5 0.6 3.0 4.1
210930 4.0 0.3 3.0 4.1
210970 2.1 0.2 2.1 3.0
210980 2.8 5.9 0.0 15.1
210990 17.8 9.2 0.0 22.2
211020 9.1 12.0 0.0 33.6
211050 10.2 15.4 0.0 33.6
211080 2.3 0.4 2.1 3.0
211120 33.6 0.0 33.6 33.6
211160 2.4 0.6 2.1 4.6
211180 6.3 2.8 4.6 10.7
211200 2.1 0.0 2.1 2.1
211210 4.1 0.0 4.0 4.1
211270 4.1 0.0 4.1 4.1

(table continued on following page)
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TABLE A1
Descriptive Statistics of CBC by MCA (continued)

MCA Mean (CEC) Std. Dev. (CEC) Min. (CEC) Max. (CEC)

211300 22.2 0.0 22.2 22.2
21AMC7097001 15.8 8.9 3.8 22.2
21AMC7097003 16.1 7.5 3.0 20.5
21AMC7097004 4.7 6.3 2.3 22.2
21AMC7097006 10.3 8.8 0.0 21.5
21AMC7097008 33.6 0.0 33.6 33.6
21AMC7097009 4.5 8.6 0.0 21.5
21AMC7097010 4.4 2.3 2.1 29.2
21AMC7097011 6.6 8.9 0.0 21.5
21AMC7097012 3.7 0.7 2.3 4.1
21AMC7097013 15.6 8.1 3.0 20.5
21AMC7097014 5.7 5.8 0.0 22.2
21AMC7097015 2.6 0.3 2.3 3.0
21AMC7097016 7.2 8.1 0.0 20.5
21AMC7097017 14.3 9.9 2.3 22.2
21AMC7097018 4.3 0.7 2.1 4.6
21AMC7097019 3.8 0.5 2.3 4.0
21AMC7097020 8.3 7.5 2.0 22.2
21AMC7097021 8.9 11.1 0.0 22.2
21AMC7097022 5.6 4.5 2.0 15.1
21AMC7097023 4.1 0.0 4.1 4.1
21AMC7097024 7.1 3.5 2.0 10.7
21AMC7097025 11.8 10.0 2.3 22.2
21AMC7097026 17.2 8.8 2.3 22.2
21AMC7097027 4.4 4.5 0.0 15.1
21AMC7097028 16.0 9.4 0.0 21.5
21AMC7097029 5.2 1.8 4.6 10.7
21AMC7097030 3.0 0.2 3.0 4.1
21AMC7097031 33.6 0.0 33.6 33.6
21AMC7097033 2.8 0.4 2.1 3.0
21AMC7097034 18.6 7.3 3.8 22.2
21AMC7097035 18.2 7.7 4.1 22.2
21AMC7097036 12.7 11.3 0.0 22.2
21AMC7097037 5.2 7.9 0.0 21.5
21AMC7097038 9.5 11.1 0.0 22.2
21AMC7097039 9.9 10.2 4.6 29.2
21AMC7097040 3.0 0.0 3.0 3.0
21AMC7097042 3.6 1.2 2.1 4.6
21AMC7097043 18.8 15.0 0.0 33.6
21AMC7097045 2.4 0.4 2.3 4.0
21AMC7097047 8.3 9.2 2.3 22.2
21AMC7097048 8.3 9.8 0.0 21.5
21AMC7097050 14.4 16.7 0.0 33.6
21AMC7097051 4.8 9.2 0.0 22.2
510040 7.0 1.8 1.6 8.0
510050 4.1 1.1 3.6 9.8
510120 4.8 3.0 1.6 8.0
510160 4.4 2.5 3.6 12.9
510390 4.3 0.0 4.3 4.3
510460 8.6 2.8 2.1 12.9
510600 7.6 3.3 2.3 9.8
510610 4.6 0.3 3.6 4.9
510650 7.4 8.2 3.6 27.0
510770 4.0 1.0 2.3 8.8
510780 5.2 2.6 3.6 12.9
510810 4.3 0.0 4.3 4.3
510840 4.6 0.2 4.5 4.9

l(table continued on following page)
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TABLE A1
Descriptive Statistics of CBC by MCA (continued)

MCA Mean (CEC) Std. Dev. (CEC) Min. (CEC) Max. (CEC)

51AMC7097001 4.9 0.1 4.5 4.9
51AMC7097002 7.9 0.5 1.6 8.0
51AMC7097003 7.0 3.5 2.3 9.8
51AMC7097004 5.7 5.5 0.7 20.5
51AMC7097005 4.7 6.2 0.7 43.5
51AMC7097006 3.6 3.2 0.7 20.5
51AMC7097007 5.1 2.7 1.6 8.0
51AMC7097008 7.3 9.3 2.3 43.5
51AMC7097009 3.5 2.8 1.6 8.0
51AMC7097010 3.8 1.0 1.6 4.3
520490 0.2 0.4 0.0 1.1
52AMC7097012 2.6 1.2 1.6 4.0
52AMC7097037 1.6 0.0 1.6 1.6
52AMC7097044 4.6 4.0 1.6 10.0
For all MCAs 9.3 12.8 0 82.4

Note: CEC, cation exchange capacity; MCA, minimum comparison area.
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J. Reis, Diana Weinhold, and Sven Wunder. 2002.
The Dynamics of Deforestation and Economic
Growth in the Brazilian Amazon. Cambridge, UK:
Cambridge University Press.

Anselin, Luc. 1988. Spatial Econometrics: Methods
and Models. Boston: Kluwer Academic Publish-
ers.

Aragão, Luiz Eduardo O. C., Yadvinder Malhi, Ni-
colas Barbier, Andre Lima, Yosio Shimabukuro,
Liana Anderson, and Sassan Saatchi. 2008. “In-
teractions between Rainfall, Deforestation and
Fires during Recent Years in the Brazilian Ama-
zonia.” Philosophical Transactions of the Royal
Society 363 (1498): 1779–85.

Banerjee, Onil, Alexander J. Macpherson, and Janaki
Alavalapati. 2009. “Toward a Policy of Sustain-
able Forest Management in Brazil: A Historical
Analysis.” Journal of Environment and Develop-
ment 18 (2): 130–53.

Barbier, Edward B. 2000. “Links between Economic
Liberalization and Rural Resource Degradation in
the Developing Regions.” Agricultural Economics
23 (3): 299–310.

Barbosa, Luiz C., ed. 2000. The Brazilian Amazon
Rain Forest: Global Ecopolitics, Development,
and Democracy. New York: University Press of
America.

Batjes, Neils H., Martial Bernoux, and Carlos E. P.
Cerri. 2004. SOTER-Based Soil Parameter Esti-
mates for Brazil, Ver. 1.0. Wageningen, The Neth-
erlands: ISRIC–World Soil Information.

Betts, Richard A., Yadvinder Malhi, and J. Timmons
Roberts. 2008. “The Future of the Amazon: New

Perspectives from Climate, Ecosystem and Social
Sciences.” Philosophical Transactions of the
Royal Society 363 (1498): 1729–35.

Brito, Brenda, Paulo Barreto, and John Rothman.
2005. Brazil’s New Environmental Crimes Law:
An Analysis of Its Effectiveness in Protecting the
Amazon Forests. Belem, Brazil: Instituto do
Homem e meio ambiente da Amazônia.
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