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a b s t r a c t
We use spatially efﬁcient logit models to explore the role of economic incentives on the expansion of
cropland in the Mato Grosso region between 2001 and 2004. An empirical measure for agricultural economic
rent is used to quantify the desirability of a particular plot of land, which previous research proxies with
variables such as distance to roads or urban areas, and simple climatic and edaphic variables. Results indicate
that the measure for economic rent provides additional information and explanatory power to one of the
most commonly used proxies, distance to roads. As predicted by economic theory, it is not simply access or
variation in transportation costs that drives the spatial determinants of agricultural expansion, but the
expected total returns from the venture. This suggests that spatially explicit rent models can be used to
simulate the location and quantity of land-use change in an economically consistent framework. Such a
framework lays the foundation for an enhanced methodology that can evaluate the ability of ﬁscal policy
levers to inﬂuence the location of agricultural conversion with the ultimate aim of balancing economic and
environmental goals.
© 2010 Elsevier B.V. All rights reserved.

1. Introduction
To date, projections of land-cover or land-use change in the
Amazon basin are based largely on variables that proxy the revenues
and/or costs of production (Irwin and Geoghegan, 2001). We
hypothesize that a more comprehensive evaluation of the systematic
nature of revenue and cost streams can improve the accuracy of many
policy assessments and provide new information on the ﬁnancial and
environmental implications of any policy.
From an economic perspective, one commonly used proxy variable,
distance to roads, is only one component of transportation costs and
may not be the most relevant. Transportation costs are in turn only one
determinant of the economic returns obtained from a given land use.
We use a Ricardian type rent, which is deﬁned as the maximum return
obtained from optimal land use, to represent both economic and
biophysical determinants of a location's desirability for conversion to
agricultural use. This rent is calculated as the expected annual return to
soybean production for each pixel. To evaluate this notion, we test
whether a direct measure of rent (expected returns) provides additional
information that is not captured by nearness to roads (a single compo⁎ Corresponding author. Present address: 675 Commonwealth Ave, Room 457,
Boston MA 02215, United States. Tel.: +1 860 235 9481.
E-mail address: mann1123@bu.edu (M.L. Mann).
0921-8009/$ – see front matter © 2010 Elsevier B.V. All rights reserved.
doi:10.1016/j.ecolecon.2010.02.008

nent of an input cost) or the agglomeration of other cost and revenue
proxy variables.
Rent has not been used to model Amazonian deforestation because
systematic spatial observations are difﬁcult to obtain. Instead, rent has
been proxied with variables that are roughly correlated with either
revenues or costs. Revenues are determined in part by a parcel's
productivity, and often are approximated using physical variables
such as climate or soil characteristics (Aguiar et al., 2007; Jasinski
et al., 2005; Laurance et al., 2002; Pfaff, 1999). In reality, revenues are
determined by a complex series of interactions among climatic and
edaphic variables, socio-economic conditions, land use decisions, and
market forces (Kaufmann and Snell, 1997; Vera-Diaz et al., 2008). For
instance it is clear that soil type and rainfall alone are poor predictors
of soybean yield in the Amazon (see Vera-Diaz et al., 2008), which is
the result of a complex interaction and timing of, among other things,
nutrient levels, inputs, rooting depth, rain, and solar insulation. For
more information on crop physiology models look to: Sinclair (1986),
Sinclair and Seligman (2000), Acock and Trent (1991), or Penning de
Vries et al. (1992). In the same vein, it is the interaction of these
spatially heterogeneous potential yields, their expected market price,
the socio-economic conditions and policies at that locale, and input or
other costs that determine the desirability of a particular plot.
Costs, which are determined in part by a parcel's location relative
to purchased inputs or product markets, often are approximated using
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linear variables such as nearness to roads or road density (Chomitz
and Thomas, 2003; Pfaff, 1999; Reis et al., 1991). This treatment
underestimates the complex nature of transportation networks and
has only occasionally been addressed in recent literature. Considering
the recent advances in geographic information systems, simplifying
assumptions such as the use of straight-line distances and other
second best measures are no longer desirable or likely necessary.
We assess the power of systematic observations of rent, which
include measurements for both revenues and costs, to account for the
spatial pattern of new cropland between 2001 and 2004 in an area
that consists largely of the Brazilian state of Mato Grosso. This region
accounts for 40% of Amazon deforestation during the study period
2001 to 2004 (Morton et al., 2006). Previous studies emphasize
distance to roads as a key determinant of land-use change (Aguiar
et al., 2007; Chomitz and Gray, 1996; Jasinski et al., 2005; Kirby et al.,
2006; Laurance et al., 2002; Mertens and Lambin, 1997). Our results
demonstrate that the location of new agricultural land is inﬂuenced
by soybean rents and nearness to roads, but when evaluated
simultaneously, the results indicate that rent expands on the
explanatory power of nearness to roads such that the explanatory
power of nearness to roads is largely subsumed by our measure for
rent. This is consistent with economic theory. Moving output to the
nearest road is only one component of transportation costs, which in
turn is only one component of rent. Quantifying these effects in an
empirical methodology lays the foundation for an enhanced methodology to evaluate the ability of market-based and ﬁscal policy levers
to inﬂuence the location of agricultural conversion with the ultimate
aim of balancing economic and environmental goals.

2. Literature Review
In this section, we review statistical analyses of observational data
sets to identify factors that drive land-use change in Amazonia (Table 1).
Pfaff (1999) identify three core drivers of deforestation: land characteristics, factors that inﬂuence transportation costs, and government
development policies. Pfaff et al. (2007) evaluate the role of spatial
spillovers from road construction in deforestation. Using ﬁxed effects
regressions, they ﬁnd that new roads increase the rate of deforestation
within a radius of 100 km.
Jasinski et al. (2005) evaluates the development of mechanized
agriculture in the state of Mato Grosso, Brazil. They ﬁnd that 72% of land
converted to cropland between 2001 and 2003 was used previously as
pasture or cerrado. Using non-spatial logistic regressions, Jasinski et al.
(2005) ﬁnd that agricultural area depends on terrain slope and distance

to paved roads, and that the rate of expansion depends on previous
land-cover, slope, and distance from paved roads.
Chomitz and Thomas (2003) analyze highly disaggregated census
data on land use and labor for the Brazilian Amazon. They create a
conceptual model in which the propensity to clear land is a function of
potential proﬁt per acre. Proﬁt depends on farm gate prices, costs and
revenues of clearing, agro-climatic suitability, and proximity to
previous clearing. Using proxy variables for these determinants of
proﬁtability, Chomitz and Thomas (2003) ﬁnd that conversion to
agriculture (predominately pasture) is positively correlated with
previous land disturbance, being within 50 km of a main road, and
straight-line distances to small cities. Conversion is negatively
correlated with increased rainfall, protected areas, and nearness to
large cities. They maintain that the importance of these effects are
“qualitatively unchanged” by spatial autocorrelation, despite ﬁnding
that six variables are no longer statistically signiﬁcant, and other
coefﬁcients change by more than 50%, when spatial autocorrelation is
accounted for.
Aguiar et al. (2007) use regressions that specify spatial lags to
indentify drivers of deforestation that fall into three categories: (1)
least-cost transportation to ports, urban areas, and markets, (2)
settlement, and (3) soil characteristics. They emphasize the importance of spatial regression for efﬁcient estimation, but suggest that the
transportation cost variables “carry a large part of the spatial
dependence” that is implied by the spatial lag.
Irwin and Geoghegan (2001) develop a methodology to model the
economic incentives of land-use change that uses economic models
and spatial regressions. Their methodology grounds land-use change
in economic theory and moves away from the ‘ad hoc’ approach of
sifting for signiﬁcant correlations. They estimate spatially speciﬁc
hedonic values for land parcels, and the value of competing land uses.
These values, along with other characteristics that exogenously affect
the costs of land-use conversion, are used in a spatial discrete choice
model to estimate the probability of land-use conversion. Results are
used to create a surface that shows the likelihood of future conversion.
The methodology described below extends previous efforts in
several ways. Ours is the ﬁrst methodology to use a spatially explicit
estimate of agricultural rent, which allows us to replace proxy variables
for transportation costs and land values. Second, these estimates for land
value enable the methodology to assess the monetary costs and beneﬁts
of market-based policy options. This is important for policy makers who
hope to use market-based mechanisms to guide the evolution of landuse change in the Amazon, as opposed to command and control
mechanisms. Or alternatively, the model can be used to evaluate the
impact of command and control mechanisms on captured agricultural

Table 1
Literature summary.
Author

Objectives

Methods

Important results

Pfaff (1999)

Identify determinants of deforestation

Non-spatial regression model
using municipal survey data
and remote sensing data

Pfaff et al.
(2007)

Determine impact of road investments on
deforestation

State and county ﬁxed effects
regressions

Jasinski et al.
(2005)

Identify drivers of conversion to mechanized
agriculture

Non-spatial logistic regression
and transition matrix for Mato
Grosso,

Primary drivers include land characteristics (soil quality and
vegetation density), factors inﬂuencing transportation costs
(distance to markets, own- and neighboring-county road density),
and government development projects.
Previous road investment increases deforestation rates in
neighboring census tracts (b 100 km) w/o roads. Limitations to use
of census data (estimation error w/ centroids, etc.)
72% of conversion from pasture/cerrado areas, conversion reduces
with distance from paved roads, and changes with previous land
uses

Aguiar et al.
(2007)
Irwin and
Geoghegan (2001)

Identiﬁes drivers of conversion to pasture,
temporary agriculture and permanent
Develops method for spatially and economically
consistent land use model

Spatial regression

Chomitz and
Gray (1996)

Evaluate the effects of environmental and market Non-spatial tobit, compared
with spatial error model
characteristics, and land use policy on forest
conversion and pasture productivity

Spatial regression, maximum
land use rents

Conversion driven by least cost distance to urban centers and markets/
ports, protected areas, soil characteristics, agrarian structures.
For a more theoretically valid model, spatial discrete choice models
and hedonic estimates of land uses should be used to identify the
likelihood of conversion
Probability of conversion to agriculture and the intensity of cattle
stocking rates decline with rainfall. Conversion positively related
with 50 km road buffer and distance to small cities.
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rent and tax revenues. Third, our methodology uses spatially efﬁcient
estimators, which allow us to avoid type one errors associated with
standard errors that are biased by the presence of spatial dependence. As
is the case in Chomitz et al. (2003), the consequences of this omission
are often understated (Lesage, 1999). It is a consensus opinion that “if
residuals from the model exhibit signiﬁcant positive autocorrelation, the
standard errors of the parameter estimates will be underestimated
leading to potential problems with inference” (Fotheringham et al.,
2002). The estimation methodology is discussed more fully in the
following section.
3. Methodology
To evaluate the ability of our measure for rent to account for the
location of cropland conversion in the Brazilian Amazon and compare
its explanatory power to proxies used by previous analyses, we
estimate the following equation:
s

NewAgi = α + βi Spacei + ∑ γj Zji + μi
j=1

ð1Þ

in which NewAg is a binary variable that indicates whether land
use for pixel i changes to cropland, Space is a vector of spatially
explicit variables that represent the suitability of a pixel for crops, and
Z is a vector which includes variables related to a pixel's suitability
that cannot be subsumed easily into rent; these may include slope,
variance of economic returns, distance to the nearest agricultural area,
and previous land-cover type. The general form of this model is
similar to that developed in Chomitz and Thomas (2003).
The dependent variable NewAg is a binary variable for events that
generate new cropland between 2001 and 2004 (Jasinski et al., 2005;
Morton et al., in press). NewAg has a value of one if pixel i is converted
to cropland between 2001 and 2004; if not, NewAg has a value of zero.
Expansion of mechanized crop production is mapped using phenology
to classify satellite images that include the Brazilian state of Mato
Grosso and portions of Rondonia, Amazonas, Para, and Tocantins
states (Jasinski et al., 2005; Morton et al.). Pixels in these land-cover
classiﬁcations have a spatial resolution of 232 m.
Spatial characteristics that affect a pixel's suitability for cropland
are measured by three variables: potential agricultural rent, current
land-cover type, and distance to nearest road, both paved and
unpaved. The road network is retrieved from the Amazon Road
Network Database (WHRC and ISA, 2000). Agricultural rent, our land
value estimate, is calculated as the difference between the revenues
and costs of growing soybeans and is acquired from Vera-Diaz et al.,
2008. This empirical estimate of rent because agriculture may not be
the optimal use of land, soybeans may not be the optimal crop, and
our calculation may not embody optimal management.
Revenues are the product of soybean yield and soybean price.
Yields across the region (including areas not currently planted in
soybeans) are generated with a model that simulates its climatic,
edaphic, and economic determinants for each pixel (Vera-Diaz et al.,
2008). This interdisciplinary model uses daily climate data (temperature, precipitation, and solar insolation) for growing seasons 1949–
1996 to simulate a crop physiology model. The yield simulated by the
crop physiology model is averaged between 1949 and 1996, and this
average is modiﬁed by empirical estimates (derived from a two-stage
instrumental variable multiple regression model) for the effects of
economic variables that include transportation costs, the availability
of credit, and the use of purchased inputs for the 1995–1996 growing
season, the most recent year for which data are available. This yield as
simulated by the hybrid model is multiplied by the average price of
soybeans (246 US$/Ton 2000$s) between 1984 and 2003 to calculate
revenues (USDA, 2008). Please refer to Vera-Diaz's work for more
detail, and the handling of endogenous variables. These calculations
generate a potential soybean revenue surface that reﬂects climatic
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conditions between 1949 and 1996, soybean prices between 1984 and
2003, and economic conditions as of 1995–1996. The long time scale
of the revenue surface variables is chosen to better represent price
expectations. Dates are selected based on available data.
To calculate rent, revenue is reduced by the cost of transporting
soybeans to the nearest export center. Transportation costs are not
the only component of total costs, but there are no reliable data about
how the use and cost of capital, labor, and purchased inputs varies
across the region and through time. Furthermore, transportation costs
in Brazil generally account for about 30% of total production costs
(Vera-Diaz et al., 2008). As such, our measure for rent likely overstates
actual rent. Transportation costs to the nearest export center are
calculated using a least-cost distance approach (Vera-Diaz et al.,
2008). This methodology is based on the notion of friction; some cells
in the digital maps are more difﬁcult and costly to traverse than the
others (Merry et al., 2009; Vera-Diaz et al., 2008). For instance, paved
roads are relatively easy to travel (i.e. have lower cost) and therefore
are assigned a lower coefﬁcient of friction than unpaved roads. The
relevant maps also are used to calculate other measures for Space, the
straight-line (Euclidean) distance to the nearest road and existing
agricultural land (both in meters).
Other variables in the Z vector include slope, variance of economic
returns, distance to the nearest agricultural area, and previous landcover type. All are thought to affect the suitability of a plot for
agriculture, but are not easily incorporated into the rent measure.
Terrain with a high slope makes it difﬁcult to cultivate, and therefore
is unsuitable for satellite observable, large-scale mechanized agriculture. The distance to previous agriculture may affect desirability
through enhanced access to input markets such as labor, output
markets, public services and social networks (Chomitz and Thomas,
2003). The upfront costs of clearing land, building roads, and other
infrastructure investments that are needed to establish an agricultural
enterprise are proxied with previous land-cover dummy variables.
The map for land use contains more than 10 million pixels; therefore
Eq. (1) is estimated from random samples. First, we create a master
sample of 500,000 random points. Areas held as cropland in 2001 are
omitted from the sample because they cannot be targeted for
conversion. Next, we remove pixels that are more than 50 km from
the nearest road. These pixels are considered inaccessible and therefore
cannot be targeted for conversion. This process creates a sample of
377,494 points that include a measurable fraction (2.29%) of pixels that
are converted to agriculture between 2001 and 2004.
To evaluate the effect of sampling on the estimation results, the
master data set is sampled randomly one hundred times, such that
each data set contains 15,000 observations. This sample size is chosen
as the largest possible sample size given the computational complexity of the estimation method. To determine whether an independent
variable has a statistically signiﬁcant affect on the probability of
conversion, we count the number of samples (out of one hundred)
that a Wald test rejects (p b .05) the null hypothesis that a variable's
coefﬁcient is zero. If we reject the null hypothesis βi or γj = 0 in
ninety-ﬁve or more of the hundred samples, we conclude a variable
has a statistically measurable affect on agricultural land conversion
that is not unique to a small number of samples.
Because NewAg is a binary variable, Eq. (1) is estimated as a logit
model. To avoid overstating the statistical signiﬁcance of regression
coefﬁcients we test for spatial autocorrelation (Fotheringham et al.,
2002). Global Moran's I statistics are used to test the regression residuals
(μi) for spatial autocorrelation (Cliff and Ord, 1981). Standard deviates
are greater than nine, which rejects (p b .01) the null hypothesis of
spatial independence.
To address this source of inefﬁciency, we calculate global coefﬁcients
with spatially efﬁcient and unbiased standard errors (Conley, 1999),
which can be viewed as a spatial counterpart to the robust heteroskedastic and autocorrelation consistent estimator for time series
(Newey and West, 1987). An estimated distance band of 2.75 decimal
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degrees (dd) is chosen by minimizing the Akaike Information Criterion
(AIC) (Fotheringham et al., 2002). This ﬁnding is consistent with a
semivariogram for the most spatially dependent variable, rent, which
reaches its sill around 2.75 dd, beyond which no spatial dependence
exists.
Conley's methodology has several advantages relative to other
spatial estimators. Most importantly, it can be applied to logit models
and it is far less computationally intensive than other estimators.
Additionally, it is robust in the presence of location and distance
measurement errors (Conley and Molinari, 2007). Finally, it creates
global coefﬁcient estimates that can be generalized spatially. ‘Global’
refers to the use of coefﬁcients that can be applied to the entirety of the
surface. Conley's estimator does not explicitly estimate coefﬁcients for a
neighborhood matrix. This compromise is necessitated by the lack of
software that can efﬁciently handle both large samples and logistic
estimators. Conley's methodology instead presents both spatially
corrected and uncorrected standard errors for each coefﬁcient. Addressing the lack of a neighborhood coefﬁcient, previous results suggest that
by controlling for transportation costs we can observe the neighborhood
diffusive processes that carry “a large part of the spatial dependence”
(Aguiar et al., 2007). This however is not enough to control for spatial
dependence in the error term, as demonstrated by the previously
mentioned Moran's I test. The methodology also assumes that model
processes are spatially stationary throughout the region. Spatial nonstationarity is a process where the relationship between the dependent
variable and independent variables changes across the study area
(Fotheringham et al., 2002). This assumption is not unrealistic
considering that all regressors included in the ﬁnal speciﬁcation
(Speciﬁcation #7) are statistically signiﬁcant in at least ninety-ﬁve
random samples, which indicates that the processes are consistently
signiﬁcant across space. Further tests for non-stationarity are carried out
using a z-score test for equality between all possible combinations of the
one hundred estimates for each regressor in Speciﬁcation #7. If the
spatial relationship among variables is non-stationary, the coefﬁcients
may be signiﬁcantly different across samples. For each coefﬁcient the
number of times that equality is rejected (p b .05) is counted. Results
indicate that all coefﬁcients are largely equal between samples. The null
hypothesis that coefﬁcients for a given variable are equal across any two
samples is rejected in less than 6.26% of the samples for each variable,
with the lowest rejection rate being 0% for slope. The iterative process
used to calculate regression estimates should minimize the effects of
slight spatial non-stationarity. Together, these ﬁndings suggest that
regression estimates should provide unbiased standard errors and
coefﬁcients.
4. Results and Discussion
To compare the explanatory power of rent beyond that of nearness
to roads on land-use conversion, we estimate two speciﬁcations of
Eq. (1). The ﬁrst (Speciﬁcation #1) is based on previous efforts which
use distance to the nearest paved or unpaved road as a proxy for
conversion suitability. The second (Speciﬁcation #2) uses the
computed value for soybean rent (termed Rent), which is a measure
of the potential returns from soybean production. Results for both
speciﬁcations indicate that the spatial variables have the correct sign
(negative for distance to road and positive for rent), as well as for the
additional control variables. But the coefﬁcient that is associated with
distance to roads is statistically different from zero (p b .05) in only
eighty-seven samples of the one hundred samples analyzed, whereas
the coefﬁcient that is associated with soybean rent is statistically
different from zero in ninety-eight of the one hundred samples
analyzed (Table 2). Note that Table 2 includes counts for both spatial
and non-spatial errors bNon-Spatial WaldN (Spatial Wald). The
discussion however focuses on spatial errors to highlight the effect
of spatial autocorrelation on the results. These ﬁndings suggest that
individually both rent and distance to roads can be used to proxy

economic factors that inﬂuence the probability that a given area will
be converted to cropland between 2001 and 2004, although the effect
of distance to roads appears to be estimated with less precision.
To test the hypothesis that rent has more information than
nearness to roads for estimating the likelihood of changes in
agricultural land-cover we estimate speciﬁcations that include both
measures. When both distance to roads (Distance) and soybean rent
(Rent) are included in Speciﬁcation #3, the coefﬁcient associated with
Rent is positive and statistically different from zero for ninety-three
samples while the coefﬁcient associated with Distance is statistically
different than zero in only seventy-eight of the samples (Table 2). This
indicates that some of the explanatory power of Distance, to both
unpaved and paved roads, is subsumed by Rent. Additionally, Distance
is only signiﬁcant if spatial dependence is ignored. From Table 2,
Distance is signiﬁcant and negative in only 78 of the samples with
spatially consistent errors, compared to 93 with traditional nonspatial standard errors. Furthermore, the signiﬁcance of Distance is
associated with unpaved roads only. Speciﬁcation #4 includes Rent
and separates Distance into two variables: distance to nearest paved
road (PaveDist) and distance to nearest unpaved road (UnpaveDist).
The coefﬁcient associated with Rent is positive and signiﬁcant in
ninety-eight samples. The coefﬁcient associated with paved roads is
signiﬁcant in only twenty samples and all twenty have the wrong
(positive) sign. This suggests that paved roads have little to no
explanatory power relative beyond that is captured by rent or
unpaved roads. As such, the development of a new paved road has
little direct affect on conversion behavior but instead changes the
probability of conversion by altering transportation costs along the
entire network as captured in our variable Rent. This ﬁnding is
consistent with modern transportation theory. The coefﬁcient for
unpaved roads is signiﬁcant and negative in eighty-four samples, but
this correlation is expected because mechanized farms require a road
to access the transportation network. As such, distance to roads,
particularly for unpaved roads, is likely a determinate of accessibility.
Distance to the nearest unpaved road may not be a causal factor in
locating new cropland—the road may have been built after the farm
was established (Anderson et al., 2002). Therefore the causal direction
of the correlation is unclear. The desirability to use a particular plot or
to access it however, given current levels of accessibility, is likely
determined by the landholder's expected return.
To test the validity of cost and revenue components of rent, we
estimate a model (Speciﬁcation #5) that separates these components
and tests the null hypothesis that revenues and costs have an equal
but opposite affect on the probability of a pixel being converted to
cropland. Theory suggests that the absolute value of the two
components of rent should be equal—a dollar increase in revenues
or a dollar reduction in costs should have the same effect on the
probability that a pixel will be converted to cropland. To test this
hypothesis, we impose a restriction that makes the absolute value of
the coefﬁcients for revenues and costs equal. The restriction is
rejected (p b .05) in thirty-two of the one hundred data sets. This rate
of rejection suggests that our estimates for the two components of
rent, revenues and transportation costs, contribute equally to the
likelihood that a pixel will be converted to cropland, which provides
additional conﬁdence in the empirical estimates for revenues and
transportation costs. This in turn implies that the distance to road or
even more sophisticated transportation cost estimates, are missing
important information about a pixel's suitability as cropland.
The ability of our model to account for a pixel's suitability for
conversion to agriculture is presented in Fig. 1, which is based on a
version (Speciﬁcation #7) that includes the most important determinants of cropland expansion. Much of the new cropland created
between 2001 and 2004 is located in areas deemed to have a high
probability of conversion. Contrary to Jasinski et al. (2005) and
Laurance et al. (2002), the insert in Fig. 1 highlights that many new
and existing croplands are not primarily correlated with the distance
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Table 2
Regression results for speciﬁcations of Eq. (1) described in the text.

Constant

Ln (Distance)

Speciﬁcation #1

Speciﬁcation #2

Speciﬁcation #3

Speciﬁcation #4

Speciﬁcation #5

Speciﬁcation #6

Speciﬁcation #7

− 1.08
{3.28E-1}
[4.37E-1]
b89N (77)
− 8.34E-2
{2.10E-2}
[2.68E-2]
b98N (87)

− 2.20
{3.26E-1}
[3.71E-1]
b100N (100)

− 1.71
{3.55E-1}
[4.26E-1]
b100N (98)
− 7.58E-2
{2.15E-2}
[2.71E-2]
b93N (78)

− 2.98
{7.60E-1}
[1.13]
b98N (88)

− 4.27
{8.19E-1}
[1.41]
b100N (93)

− 1.43
{2.35E-1}
(3.48E-1)
b100N (100)

− 1.89
{3.02E-1}
[3.69E-1]
b100N (100)

4.05E-3
{6.65E-4}
[1.17E-3]
b100N (99)

4.26E-3
{7.38E-4}
[9.71E-4]
b100N (100)

− 2.76E-2
{5.07E-3}
[1.33E-2]
b100N (53)
− 1.36E-1
{2.10E-2}
[3.26E-2]
b100N (100)
− 3.75E-1
{2.23E-2}
[3.15E-2]
b100N (100)
2.81
{3.24E-1}
[3.04E-1]
b100N (100)
1.49
{1.10E-1}
[1.34E-1]
b100N (100)
1.26
{1.13E-1}
[1.57E-1]
b100N (100)

− 1.07E-1
{2.26E-2}
[3.07E-2]
b100N (98)
− 4.07E-1
{3.01E-2}
[3.52E-2]
b100N (100)
2.87
{4.51E-1}
[4.37E-1]
b100N (99)
1.69
{1.52E-1}
[1.76E-1]
b100N (100)
1.35
{1.49E-1}
[1.79E-1]
b100N (100)

Ln (UnpaveDist)

Ln (PaveDist)

Rent

3.62E-3
{7.70E-4}
[1.04E-3]
b100N (98)

3.43E-3
{7.81E-4}
[1.10E-3]
b100N (93)

− 1.03E-1
{2.65E-2}
[3.57E-2]
b98N (84)
1.21E-1
{5.42E-2}
[8.39E-2]
b60N (20)
4.35EE-3
{8.95E-4}
[1.36E-3]
b100N (98)

Revenue

6.74E-3
{1.37E-3}
[2.62E-3]
b100N (88)
2.82E-3
{2.34E-3}
[3.89E-3]
b23N (7)

Cost

Risk

Slope

Log (AgDist)

Deforest

Pasture

Cerrado

Closed Cerrado

− 8.00E-2
{2.13E-2}
[2.89E-2]
b98N (90)
− 4.10E-1
{3.02E-2}
[3.52E-2]
b100N (100)
3.55
{4.73}
[4.80]
b100N (100)
2.39
{2.10E-1}
[2.78E-1]
b100N (100)
2.17
{2.04E-1}
[2.78E-1]
b100N (100)
9.03E-1
{2.17E-1}
[2.48E-1]
b100N (98)

− 1.01E-1
{2.25E-2}
[3.07E-2]
b100N (96)
− 4.03E-1
{3.02E-2}
[3.53E-2]
b100N (100)
3.31
{4.76E-1}
[4.71E-1]
b100N (100)
2.13
{2.20E-1}
[2.77E-1]
b100N (100)
1.80
{2.20E-1}
[2.83E-1]
b100N (100)
6.65E-1
{2.24E-1}
[2.63E-1]
b81N (70)

− 9.95E-2
{2.27E-2}
[3.10E-2]
b100N (96)
−3.94E-1
{3.03E-2}
[3.54E-2]
b100N (100)
3.25
{4.78E-1}
[4.70E-1]
b100N (100)
2.06
{2.19E-1}
[2.77E-1]
b100N (100)
1.78
{2.19E-1}
[2.83E-1]
b100N (100)
6.34E-1
{2.24E-1}
[2.59E-1]
b79N (66)

Restriction#

− 9.81E-2
{2.27E-2}
[3.09E-2]
b100N (96)
− 3.98E-1
{3.05E-2}
[3.54E-2]
b100N (100)
3.27
{4.79E-1}
[4.75E-1]
b100N (100)
2.09
{2.20E-1}
[2.72E-1]
b100N (100)
1.78
{2.19E-1}
[2.83E-1]
b100N (100)
6.52E-1
{2.24E-1}
[2.55E-1]
b79N (70)

− 1.12E-1
{2.35E-2}
[3.89E-3]
b100N (96)
− 3.97E-1
{3.04E-2}
[3.61E-2]
b100N (100)
3.34
{4.79E-1}
[4.73E-1]
b100N (100)
2.22
{2.26E-1}
[2.82E-1]
b100N (100)
1.93
{2.29E-1}
[2.78E-1]
b100N (100)
7.53E-1
{2.29E-1}
[2.61E-1]
b89N (80)
32

{Standard SE} [spatial SE].
bTimes non-spatial SE signiﬁcant out of 100 iterations: Wald p b .05N.
(Times spatial SE signiﬁcant out of 100 iterations: Wald p b .05).
#
Number of samples for which a restriction that equalizes the absolute value of coefﬁcients associated with Revenue and Cost rejects the null hypothesis.
Note: all distance speciﬁcations are ln(x + 1) to handle zero values and because this speciﬁcation was found to be statistically different from zero more often than linear and
exponential representations.

to the nearest road. Those tracts that are along the road generally are
in areas where factors other than nearness to road are important, as
indicated by discrete areas of shading.
Distance to road or road density measures are an incomplete proxy
for transportation costs because they provide little information on the
distance and cost of moving goods from the roadway entry point to
the point of sale, such as an export market center. As such,
interpreting econometric results that road construction in one area

affects deforestation in census tracts within 100 km as an “economic
spillover” (Pfaff et al., 2007), may be a consequence of the incomplete
nature of road density as an explanatory variable. Although left
undeﬁned, we interpret Pfaff's “economic spillover” as a spatial
externality where road investment decisions have unintended
consequences on the proﬁts of other neighboring agents. When
viewed as part of a network, road construction in one area affects
transportation costs and proﬁts throughout the network regardless of

1508

M.L. Mann et al. / Ecological Economics 69 (2010) 1503–1509

Fig. 1. Predicted and Actual Conversion to Agriculture '01-'04.

how far a location is from the new road. As such, these investments
have their intended effect, to increase potential rents across the whole
network. For example, paving the Cuiabá-Santarém corridor between
northern Mato Grosso and the port of Santarém will reduce
transportation costs for all locations that currently ship soybeans
along this route and for locations whose shipping route would be
diverted to the Cuiabá-Santarém corridor due to its lower cost.
Additionally, the nature and interpretation of the “spillover” is
hindered by the abstract nature of road density as a proxy for
transportation costs.
Our measure of Rent also can be used to capture the effects of risk.
Risk neutrality underlies most models of agricultural conversion in the
Amazon (Pfaff et al., 2007). But risk-averse behavior underlies most
economic decision-making, especially for landowners without great
income and capital resources (Oglethorpe, 1995). Ceteris paribus,
farmers with full information will tend to avoid areas where there is
considerable uncertainty about yearly values of rent. This uncertainty
can be generated by several factors such as weather ﬂuctuations, the
security of property rights, political instability, or ﬁres.
To evaluate the effect of climatic uncertainty on the location of new
agricultural land, we estimate a version of Eq. (1) that speciﬁes risk as
the coefﬁcient of variation (σ=μ) of rent between 1999 and 1996
(Speciﬁcation #6). This quotient reﬂects uncertainty associated with
weather (economic variables used to calculate rent are constant). The
coefﬁcient associated with variance is negative (the expected sign)
and statistically different from zero in ﬁfty-three out of one hundred
samples, which indicates that the model is not able to fully measure
the effect of weather-related risk on decisions to locate new croplands.

Alternatively, this result may indicate that: decisions to locate new
croplands are more risk neutral than believed, weather ﬂuctuations
are minor enough that risks are trivial, or that decisions are
confounded by imperfect information.
Variables in the Z vector indicate that the likelihood of conversion
to cropland also depends on variables that cannot be subsumed easily
in our calculation of rent. One such variable is slope, which is calculated
from a digital elevation map (ISRIC, 1998). The crop physiology model
used to estimate yield simulates growth of a single plant (Sinclair,
1986), therefore it cannot capture the effects of slope. Nonetheless,
steeply sloped land is less conducive to traditional and mechanized
agriculture. Consistent with this effect, the negative coefﬁcient
associated with slope in all speciﬁcations implies that locations with
steeper slope are less likely to be converted to cropland.
Additional variables in the Z vector indicate that a pixel's likelihood
of conversion decreases with distance from existing agriculture. This
effect may be related to the availability of goods and/or services for
agricultural production and sale, or local information and labor
networks, both of which would indicate an omission in the calculation
of rent. Alternatively, it may be related to preferences of agricultural
households to be near other households, which would be unrelated to
agricultural rent.
The cost of setting up an agricultural enterprise is not included in our
calculation of rent. These costs are proxied by the previous land-cover.
Previous land-cover is speciﬁed with zero-one dummy variables for
land-covers other than forest, which are obtained from the land-cover
product used to identify new cropland. These dummy variables proxy
the upfront investment in clearing land, building roads, and other
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infrastructure that are needed to establish an agricultural enterprise.
Consistent with differences in the cost of conversion, forested land is less
likely to be converted than the other land types, with recently
deforested land and pasture being the most likely to be converted
(Table 2).
5. Conclusions
The ability to quantify the physical, economic, and institutional
determinants of cropland conversion and identify locations where those
conversions are likely to occur means that our approach can be used to
evaluate policy instruments that aim to inﬂuence the rate and location of
deforestation. For example, the Brazilian government has announced an
ambitious set of investments designed to reduce transportation costs.
Paving the Cuiabá-Santarém corridor between northern Mato Grosso
and the port of Santarém would reduce the transportation costs across
the Amazon such that the area where soybean rents are greater than
$300 per hectare would increase by 142,800 km2, which represents a
15% increase relative to the area in 1996 (Vera-Diaz et al., 2007). Eq. (1)
can convert these rent increases into the probability of conversion for
individual pixels across the Amazon. When linked with a model that
simulates quantity of conversion, Eq. (1) can be used to estimate the
location, quantity, and value-added, in dollar terms, from this project.
Perhaps more importantly, the explicit representation of rent
allows decision makers to evaluate policy instruments that target
revenues. For example, soybeans are relatively easy to tax because
yields and sales are easily monitored. As such, Eq. (1) can be used to
simulate policies that raise or lower soybean rents with taxes, tax
credits, rebates, or deferments. Similarly, the model can assess policies
that seek to inﬂuence rates and locations of land-use change by
inﬂuencing the availability of credit. Credit is an explanatory variable
in the yield model used to calculate revenues (Vera-Diaz et al., 2008).
Currently, credit is available to growers from both public and private
sources. For instance, a US Congressional Committee investigated
reports that Brazilian growers received government credit at an 8.75%
rate interest when the inﬂation rate was 12.5%. The impact of
compliance with international agreements that prohibit such subsidies could be evaluated using the model estimated here. Finally, the
model could be used to assess policy that seeks to inﬂuence the rate
and location of land-use change with government price support
programs that operate much like U.S. programs. Such policy instruments may be attractive because they expand the government's ability
to inﬂuence the location and quantity of deforestation while limiting
administrative costs relative to command and control strategies that
set up large protected areas which are expensive to oversee.
Acknowledgements
This research was made possible by a generous grant from the
Woods Hole Research Center and the NSF. WHRC-B2006B.
We would also like to acknowledge the contribution of the
anonymous reviewers for invaluable feedback. We are solely responsible for any errors that remain.
References
Acock, B., and A. Trent. 1991. The Soybean Crop Simulator, GLYCIM: Documentation for
the Modular Version 91. edited by S. a. E. S. Department of Plant. Moscow, Idaho:
University of Idaho.
Aguiar, Ana Paula, Dutra, Gilberto Camara, Escada, Maria Isabel Sobral, 2007. Spatial
statistical analysis of land use determinants in the Brazilian Amazonia: exploring
intra-regional heterogeneity. Ecological Modelling 209 (2–4), 169–188.

1509

Anderson, Lykke, Granger, Clive, Reis, Eustaquio, Wunder, Sven, Weinhold, Diana, 2002.
In: Anonymous (Ed.), The Dynamics of Deforestation and Economic Growth in the
Brazilian Amazon. Cambridge Press, Cambridge, UK.
Chomitz, Kenneth, Gray, David, 1996. Roads, land use, and deforestation: a spatial
model applied to Belize. The World Bank Economic Review 10 (3), 487–512.
Chomitz, Kenneth, Thomas, Timothy, 2003. Determinants of land use in Amazonia: a
ﬁne-scale spatial analysis. Journal of Agricultural Economics 85 (4), 1016–1028.
Cliff, Andrew, Ord, John, 1981. Spatial Processes: Models and Applications. Pion, London.
Conley, Timothy, 1999. GMM estimation with cross sectional dependence. Journal of
Econometrics 92, 1–45.
Conley, Timothy, Molinari, Francesca, 2007. Spatial correlation robust inference with
errors in location or distance. Journal of Econometrics 140, 76–96.
Fotheringham, Stewart, Brunsdon, Chris, Charlton, Martin, 2002. Geographically
Weighted Regression‚ The Analysis of Spatially Varying Relationships. Wiley,
Hoboken.
Irwin, Elena G., Geoghegan, Jacqueline, 2001. Theory, data, methods: developing
spatially explicit economic models of land use change. Agriculture, Ecosystems &
Environment 85 (1–3), 7–24.
ISRIC. A soils and terrain digital database for Latin and Central America and the Caribbean.
ISRIC, 03/01/07 1998. Available from http://www.isric.org/UK/About+Soils/Soil+data/
Thematic+data/Soil+Geographic+Data/.
Jasinski, Ellen, Morton, Douglas, DeFries, Ruth, Shimabukuro, Yosio, Anderson, Liana,
Hanson, Mathew, 2005. Physical landscape correlates of the expansion of
mechanized agriculture in Mato Grosso, Brazil. Earth Interactions 9 (16), 18.
Kaufmann, Robert, Snell, Seth, 1997. A biophysical model of corn yield: integrating
physical and economic determinants. American Journal of Agricultural Economics
79 (1), 178–190.
Kirby, Kathryn R., Laurance, William F., Albernaz, Ana K., Schroth, Gotz, Fearnside, Philip
M., Bergen, Scott, Venticinque, Eduardo M., da Costa, Carlos, 2006. The future of
deforestation in the Brazilian Amazon. Futures of Bioregions 38 (4), 432–453.
Laurance, William, Albernaz, Ana, Schroth, Gotz, Fearnside, Philip, Bergen, Scott,
Venticinque, Eduardo, Da Costa, Carlos, 2002. Predictors of deforestation in the
Bazilian Amazon. Journal of Biogeography 29 (5–6), 737–748.
Lesage, James, 1999. The Theory and Practice of Spatial Econometrics. University of
Toledo, Department of Economics.
Merry, Frank, Soares-Filho, Britaldo, Nepstad, Daniel, Amacher, Gregory, Rodrigues,
Hermann, 2009. Balancing conservation and economic sustainability: the future of
the Amazon timber industry. Environmental Management 44 (3), 395–407.
Mertens, Benoit, Lambin, Eric, 1997. Spatial modeling of deforestation in southern
Cameroon. Applied Geography 17 (2), 143–162.
Morton, D.C., DeFries, R.S., Shimabukuro, Y.E., in press. Cropland expansion in cerrado
and transition forest ecosystems: quantifying habitat loss from satellite-based
vegetation phenology. In: Klink, C., DeFries, R.S., Cavalcanti, R. (Eds.), Cerrado LandUse and Conservation: Assessing Trade-offs Between Human and Ecological Needs.
Conservation International, Washington.
Morton, Douglas, DeFries, Ruth, Shimabukuro, Yosio, 2006. Cropland expansion
changes deforestation dynamics in the southern Brazilian Amazon. Proceedings
National Academy of Sciences 103 (39), 14637–14641.
Newey, Whitney, West, Kenneth, 1987. A simple, positive semi-deﬁnite, heteroskedasticity and autocorrelation consistent covariance matrix. Econometrica 55 (3),
703–708.
Oglethorpe, David, 1995. Sensitivity of farm plans under risk-averse behavior: a note on
the environmental implications. Journal of Agricultural Economics 46 (2), 227–232.
Penning de Vries, F.W.T., Timsina, J., Alagos, M.J.C., Velasco, L., Pandey, R.K., 1992.
Opportunities for Soya Beans After Rice in the Philippines: an Exploration by
Simulation. In: CABO-DLO (Ed.), Simulation Report.
Pfaff, Alexander, 1999. What drives deforestation in the Brazilian Amazon. Journal of
Environmental Economics and Management 37, 26–43.
Pfaff, Alexander, Robalino, Juan, Walker, Robert, 2007. Road investments, spatial
spillovers, and deforestation in the Brazilian Amazon. Journal of Regional Science
47 (1), 109–123.
Reis, Eustaquio, Margulis, Sergio, Dornbush, R., Poterba, J., 1991. Options for Slowing
Amazon Jungle Clearing. In: Anonymous (Ed.), Global Warming: Economic Policy
Responses. MIT Press, Cambridge.
Sinclair, T., 1986. Water and nitrogen limitations in soybean grain production: model
development. Field Crops Research 15 (2), 125–141.
Sinclair, T., Seligman, No'am, 2000. Criteria for publishing papers on crop modeling.
Field Crops Research 68, 165–172.
USDA. World agriculture supply and demand estimates (WASDE). USSA, Ofﬁce of the Chief
Economist, 08/20/07 2008. Available from http://www.usda.gov/oce/commodity/
wasde/.
Vera-Diaz, Maria Del Carmen, Reid, J., Soares-Filho, B., Kaufmann, R. K., Fleck, L., 2007.
Efectos de los Proyectos de Energîa y Transporte en la Expansión del Cultivo de Soya
en la Cuenca del Rio Madera. Conservation Strategy Fund, Serie Técnica No. 7.
(Spanish & Portuguese).
Vera-Diaz, Maria Del Carmen, Kaufmann, Robert, K., Nepstad, Daniel, Schlesinger, Peter,
2008. An interdisciplinary model of soybean yield in the Amazon Basin: the
climatic, edaphic, and economic determinants. Ecological Economics 420–431.
WHRC, ISA, 2000. Amazon Road Network Database.

