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ABSTRACT

The Brazilian Amazon is a large piece of land that hosts only 12% of Brazilian population.
Even this low figure and people mostly living in urban areas, the overexploitation of the forest
resources driven by economic activities seems to be out-of-control. In the 1970s, abundant
government subsidies/incentives for mining, crop and beef production, and gigantic road
projects provided infra-structure to the new settlers coming from other parts of the country.
Federal and state governments failed in regulating this occupation legally. As a result, for the
last decades, frontier regions of Amazon have been a major scene of land conflicts between
farmers, squatters, miners, indigenous group and public authorities. Furthermore, from the
openness of economy in the 1990s, we also find some evdence that a very attractive
intemational demand for timber, and higher international prices of agricultural commodities
are important factors that have been also pushing to more defowrstation, through the
conversion of forest to new agricultural and pasture areas.

The main objective of this paper 5 to nvestigate how international trade has affected
the dynamics of deforestation in the Brazilian Amazon. The analysis, at county level, also
focuses on the expansion of crop and cattle activities, and other determinants such as gross
domestic product, demographic density and roads. To achieve such goal, we combine standard
econometrics with the spatial econometrics in order to capture, across the space, the socio -
economic interactions among the agents in their interrelated economic system. The data used
in this study correspond to a balanced panel for 732 counties from 2000 to 2007 totalizing
6,256 observations.

The main findings suggest that the openness to trade indicator used--export plus
import over GDP--goes up, the result is more deforestation. We also find that beef cattle and
the production of soybeans, sugarcane and cotton are pushing to more deforestation in the
region. The extraction of firewood and timber had both a positive and significant in impact on
deforestation, as expected. Moreover, as the GDP goes up, it pushes to more deforestation as
well. On the other hand, as the square of GDP goes up indicate less deforestation, supporting,
to some extent, the environmental Kuznets Curve hypothesis. The production of non -wood
products has a negative impact on deforestation. Unexpected results were also observed such
as a negative and no impact on deforestation from population densty and road distance.
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Openness to Trade and Deforestation at the Brazilian Amazon: A Spatial

Econometric Analysis

1. Introduction

Since the 1980s, the importance of tropical forests has been internationally recognized.
Tropical forests are important not only to the global climate regulation but are home to much
of the world’s biodiversity (Barbier, 2001). It is also well known tropical forests are mostly
located in very poor regions in developing natons along the equatorial line, and growing
human activities in these regions are putting an enormous pressure on forest as well as their
ecosystems. Losses of forest cover have been substantial and have occurred so sharply during
the last years. The understanding of this process has become one of the top priorities of any
environmental development agenda, and deserves further investigation.

The Brazilian Amazon, the focus of ths paper, is a large piece of land (61% of
national territory) that hosts only 12% of Brazilian population in nine states.' Even this low
figure and people mostly living in urban areas, the overexploitation of the forest resources
driven by other economic activities seems to be out-of-control. In the 1970s, abundant
government subsidies/incentives for mining, crop and beef production, and gigantic road
projects provided infra-structure to the new settlers coming from other parts of the country
(Mahar, 1989). Federal and state governments failed in regulating this occupation legally;
thereby establishing a common property problem of environmental resource. For the last
decades, frontier regions of Amazon have been a major scene of land conflicts between cattle
ranchers, squatters, miners, indigenous group and public authorities. In addition, more
recently, from the openness of economy in the 1990s, we also find some evidence that the
very attractive demand of nternational markets for timber, and higher mnternational prices of
agricultural commodities are factors that have been also pushing to more deforestation in the
region (Branddo et al., 2006).

The significant loss of Amazon virgin forest due to cattle ranching and agricultural

activities, poorly defined property rights, road construction and population growth consist of

! States of Acre, Amapa, Amazonas, Mato Grosso, Rondonia, Roraima, Tocantins, Para and parts of Maranh&o
define what is officially called in Brazil by Legal Amazon.



the majors, and direct determinants of the deforestation, that have been extensively studied
(Reis and Guzman, 1992; Pfaft, 1999; Walker et al., 2000; Weinhold and Reis, 2001;
Andersen et al., 2002; Mertens et al., 2002; Margulis, 2003; Chomitz and Thomas, 2003; Pfaft
et al, 2007; Diniz et al., 2009; Araujo et al., 2009; Rivero et al., 2009; Barona et al., 2010).
However, to our best knowledge, there are very few studies that investigate the relationship
between defrestation and openness to trade in developing countries.

The objective of this paper is to give a special attention how international trade has
affected the dynamics of deforestation i the Brazilian Amazon. Moreover, we also focus on
the expansion of agricultural and cattle activities. The analysis, at county level, will also
include other determinants commonly used for this kind of analysis such as gross domestic
product, demographic density and road dstance. To achieve such goal, we combine standard
econometrics with the spatial econometrics n order to capture, across the space, the socio-
economic interactions among the agents in their interrelated economic system in the Amazon

region.

2. Theoretical Background and Literature Review

In the literature, few contributions have directly prioritized degradation of renewable natural
resources and international trade. Generally speaking, the punch line of these studies is that if
property -rights of the environmental resource are ill-defined, then trade between two countries
does not make both better off in terms of resources allocations and income, as usually
defended by the international trade’s proponents. The theory behind this argument relies on
the works of Chichilnisky (1994), Brander and Taylor (1996), and Ferreira (2004).
Chichilnisky, for example, assumes a two-country economy, where the south country and
property rights of natural resource are ill-defined. It exports environmental intensive goods.
She shows that although trade is able to equalize output and factor prices between north and
south, it does not improve resource allocation in the south country. Since the south is poor and
owns a subsistence sector (labor), tax policies on the use of the resource that would decrease
the price of the resource is a reason to lead to even more extraction (overproduction) of the
common poperty. In the Brazilian Amazon, since the 1970s, outside of colonization’s

projects, along the roads, public land and unused private land have been occupied at minimum



(no) cost at all. Further evidence suggests that most landholders do not have legal titles or
have fake titles of their land (Araujo et al., 2009).

Ferreira (2004) also supports the lack of property rights by south leads to more
overexploitation. She built a model that exploits the difference between the marginal and
average product of labor assuming diminishing returns between a south and a north country.
Both share similar technological levels, two goods (manufacturing and resource) and two
factors endowments (stock of natural resource and labor). The main reason ©r trade is the
difference in propetty rights over natural resources between countries, and not the difference
in the resource abundance. Thus, increases in autarky prices brought by trade shift up the
value of marginal product and the value of average product curves inducing labor migration
from manuficturing sector to the harvest sector. She concludes that even the south becomes a
net exporter, it experiences losses from trade. In addition, the elimination of trade distortions
enlages the effects of property rights distortions which also damage the south country.

Brander and Taylor (1995) analyze an open small country economy. Natural resource --
fishing or forest--is abundant, and property rights are not enforced. Considering a Ricardian
economy, the authors show that under free trade, the small country, even with comparative
advantage in natural resource good, may still suffer losses in economic terms and the use of
natural resources.

Some of the conclusions above have been confirmed empirically. Ferreira (2004)
analyzed data of 92 countries for 1961-1994 and found that the usual openness indicator
export plus import over GDP is a significant predictor of deforestation but only when
intemacting with institution factors such as risk of expropriation, corruption and bureaucracy.
Lopez and Galinato (2005), using household surveys for Brazil, Indonesia, Malaysia and
Philippines, found that the net impact of trade openness was small and of different directions
for the four countries between 1980 and 1999. For example, if openness to trade increases
forest cover in Brazil and Philippines, it decreases forest cover in Indonesia and Malaysia.

Using data of 1989 for Ghana, Lopez (1997) found the reduction of tariff protection
and export taxes implied in losses of biomass (natural fertilizer used by farmers) of 2.5-4%,
and the overexploitation of biomass through a more than optimal level of land cultivated due
to tariff reductions had a small impact on national income. More recently, Arcand et al. (2008)

show theoretically that depreciation of the real exchange rate and wealer institutions push to



more deforestation in developing countries. In an empirical application, they did not reject any

of the hypotheses above on annual data for 101 countries from 1961 to 1988.
3. Data

The data used in this study correspond to a balanced panel for 732 counties from 2000 to 2007

totalizing 6,256 observations. These counties are part of PRODES (Programa de

Monitoramento da Floresta Amuazonica Brasileira por Satelite) pwoject fanded by the
Brazilian Government to monitor the level of deforestation in the Brazilian Amazon. The

National Institute of Spatial Research (INPE) collects and publishes regularly geo-referenced

annual rate of deforestation of high quality for all 732 counties that are constitute the Legal

Amazon. Other variables used are also from secondary sources, mostly from also other

government institutions among them: Ministry of Development, Industry and Trade, the

Brazilian Statistical National Institute (IBGE) and the Institute of Applied Economic Research

(IPEA).” Table 1 shows the description of each variable used as well as its means and standard

deviation.

4. Methodology
4.1 Tests of Spatial Autocorrelation

As proposed, the following strategy adopted is to combine the standard econometrics with the
spatial econometrics. But, firstly, what is called by Exploratory Spatial Data Analysis (ESDA)
is needed. The ESDA defines a spatial weight matrix such that it will provide us a contiguous
criterion among the spatial units, i.e., counties (Anselin, 1988). This study adopts the k-

nearest neighbors as contiguous criterion, which has widely used for other studies (Pace and
Barry, 1997; Pinkse and Slade, 1998; Baller et al., 2001; Le Gallo and Ertur, 2003).

2 Some variables had missing observations regarding some municipalities in a few years of the study’s period. In
order to overcome this problem, geographically weighted estimates were made for generating those observations.
The procedure involves the estimation by the OLS procedure with the following specification: m = a + f;x +
By + Bsx? +B,y% + Bx® + Bsy® + €, where x and y represent latitude and longitude of the centroid of each
spatial unit; m refers to the vector of variables used in econometric model to determine the dynamics of the
deforestation that had missing observations; # is the vector of coefficients to be estimated for each i, where i
indicates the relevant variable with missing observations and; ¢ the error term.



The secondstep consist of verifying the presence of spatial autocorrelation, thereby we
check the presence of any spatial effect from the widely popular Moran’s Index(Moran’s /).

The Moran’s [ is formally presented as:

=(2)(22),t=1,..m (1)

So ZiZ
where Z, is a vector of n observations for the year ¢ deviated from mean for the variable of
inteest, i.e., deforested area. W is the spatial weight matrices such that: 1) the diagonal
clements W; are equal to zero and; 2) the non-diagonal elements W¥; indicate the way that a
region i 1 spatially connected with the region ;.S is a scalar term that is equal to the sum of
all Welements.

The Moran’s [ provides a very good approximation of any linear association between
the vectors observed at time #, and the weighted average of neighboring values, or spatial lags
(Cliff and Ord, 1981). If I value is greater than its expected value, it may suggest the presence
of positive spatial autocorrelation, and otherwise, there is negative spatial autocorrelation
(Anselin, 1992).

Additionally, it will be also used an indicator of spatial autocorrelation, the local
spatial association among the spatial units (LISA) (Anselin, 1995). LISA-- also called by
Moran Local--is a useful measure to identify spatial clusters related to our variable of interest
among counties of the Legal Amazon. Formally, the Moran Local is used to test the null-

hypothesis of no local spatial autocorrelation and is formally given by:

_ZiXjWijZ;
L YiZ?

where Z, Wand the subscripts i and j are defined in (1).

[ )

4.2 Panel Data and Spatial Models

The study aims to assess the dynamics of deforestation in the Brazilian Amazon. For this, we
use spatial data at the level of municipality (counties). These data carry on important

information regarding to the way that interactions occur between the spatial unis suchthat the

result of some indicators is conditioned by interactions in space. If these interactions are



significant i such way that the wesult in a spatial unit affects the outcome in neighboring
spatial units, then the data are spatially auto correlated. The presence of spatial autocorrelation
violates the underlying assumption of independence of observations of linear regression
models. The dependence of observations in space arises from the existence of a correlation
between the data of the dependent variable or error term with data from neighboring spatial
units. Thus, a common way to test the spatial dependence is to verify the presence of spatial
autocorrelation. In this study, we use the Moran's 7 test to detect spatial autocorrelation, as
explained above, and therefore to verify the presence of spatial dependence.

The presence of spatial dependence, according to Anselin (1988) and Anselin and Bera
(1998), can make the OLS estimators inconsistent and/or inefficient. However, according
Anselin (1995), spatial dependence can be incorporated into linear regression models in two
ways. First, through the construction of new variables, both for the dependent variable and for
the explanatory variables and eror terms of the model. These new variables incorporate
spatial dependence as a weighted average of the values of the neighbors. Second, by using
spatial autoregressive error terms. This study followed the first suggestion, adding variables to
the model to mitigate the consequences of spatial dependence.

It is well known that one of the main advantages of using panel data is to control for
observed and also for unobserved characteristics (Baltagi, 1995). In such cases, fixed effects
and random effects specifications are the most commonly models used in applied work.

Firstly, consider the standard panel data model:

Yie =XyB+vy,i=1,.,Nt=1..,T 3)
and
Vi = Wy + Uy 4)

where Y is the dependent variable, X, is a vector of explanatory variables; u; is the time-
invariant individual component and u,, is the error term. The vector £ is the parameter(s) to be
estimated.

The consistent estimation of the equation (3) by pooled OLS approach requires that the
explanatory variables are uncorrelated both the error term and the unobserved effect. The
fixed effects model assumes that the intercept change between the units of cross section, but

does not change over time. The fixed effect specification allows that different intercepts may



to capture all the differences between the units of cross-sections. The random effects model
assumes that the behavior of both the units of cross-section and the time is unknown.
Therefore, the behavior of these units of cross-section and the time can be represented in the
form of a random variable, and the heterogeneity is treated as part of the error term.
Moreover, the random effects model present the futher assumption that unobserved term is
uncorrelated with the explanatory variables (Johnston and Dinardo, 1997).

However, under the presence of spatial autocorrelation, the adoption of these
procedures is not enough, and some extensions specific for panel data have been developed
(Elhorst, 2003). It is worth mentioning that such models to be presented attend the same
properties as the traditional panel data ones, being that the major difference consists of only
adding more explanatory variables that take into account the spatial effect. Nevertheless, no
special treatment is given to residual values of these regressions. We will provide more details
below.

Now, consider the following models that take into account the spatial effect (Anselin
and Bera, 1998; Anselin, 2001; Anselin, 2003, Carvalho, 2008):

1) Model of Spatial Lagged
Yie =pWY; + Xy B+ vy &)
where the dependent variable Y, is lagged spatially and it is added as explanatory variable in

the model.

2) Crossed Regressve Model
Yie = Xie B+ WXiep + vy (6)
where the vector of explanatory variables X;, are now lagged, and also added as explanatory

variables in the model.

3) Model of Spatial Durbin

Yie =pWYy + X; S+ WXipp + vy (7)
where both dependent Y, and explanatory X, variables area spatially lagged and added in the
right-side of model.



The equations (5) and (7) are very unusual; because they have both the dependent
variable as explanatory variable. If the value of this variable for a county is simultaneously
determined by its neighbors, then the equilibrium result will occur in a function of some
existing spatial or social interaction process between both locations (Anselin et al., 2008).
This might be justified either in theoretical or n practical terms because the deforestation
could also be a phenomenon that occus only as an interactive factor in the space being
determined accordng to the availability and accessibility of the resource by the economic
agents involved. Such models are gaining enormous popularity in the literature to evaluate
similar situations in which social or spatial interaction might exist (see Brueckner, 2003 and
Glaeser et al., 2002).

The models (5)-(7) produce consistent and non-biased estimates since such models
represent alternatives whose purpose is to take in account the spatial effect of data. However,
Anselin et al. (2008) point out that the estimation of these models under the presence of fixed
or random effects from standard econometric packages might still suffer losses of efficiency
as we shall see ahead.

The procedures to be executed can be summarized as follow:

Step 1. Define a spatial weight matrix and test the presence of spatial autocorrelation at global
and local level.

Step2. Run fixed and random effects models and get the residuals.

Step3. Use the restuals to check for spatial autocorrelation.

Step 4. Run panel data models that take in account the spatial autocorrelation and get the
resduals.

Step 5. Perform the spatial autocorrelation tests again in the residuals generated from models

in step 4.
5. Results

Before moving to the heart of the analysis, we need to test the presence of spatial
autocorrelation in the data. As describe above, Moran’s /--global and bcal--is calculated for
the variable of interest, the deforested area (Km?) for the 732 counties of Legal Amazon from

2000 to 2007. The results are shown in Table 2. For all years analyzed, we rejected at the 1%



of statistical level the hypothesis there is no global spatial autocorrelation, suggesting that
spatial components have to be considered in the regression model.” Otherwise, biased and
inefficient estimates would be observed. The coefficients are positive indicating global spatial
autocorrelation positive. The spatial weight matrix of 10 nearest neighbors presented spatial
autocorrelation coefficients more significant than others in all the years analyzed. Therefore,
the following steps were taken based on this matrix (Table 2).

Figure 1 illustrates the LISA statistics (Local Moran) of deforestation for 2000 and
2007. The objective is to show maps of significant clusters such that there could also have
significant spatial autocorelation at local level. The LISA indicator provides the statistical
inference about the patterns of spatial autocorrelation at local level. Therefore, such indicator
shows only the significant clusters. We can highlight two predominant regimes in both years:
1) High-High: a cluster that covers a large part of Para state and North of Mato Grosso state.
This suggests that counties with high rates of deforestation are surrounded by counties that
also present high rates of deforestation; i) Low-Low: a cluster that represents parts of
Amazonas state and parts of Para state, and almost all regions of Amapa and Tocantins states.
From 2000 to 2007, the Hgh-High cluster becomes more important with increasing extent of
coverage, mainly in the states of Para and Ronddnia. Another regime that appears is the Low-
High, especially in the state of Pard and Mato Grosso. This regime indicates the spatial units
that have low rates of deforestation, but surrounded by spatial units that have high rates of
deforestation.

Both statistics, Moran’s [ and LISA clearly lead to the evidence that there is the
presence of some spatiality in the data for deforested areas of Legal Amazon. However, such
results are not still sufficient to verify if this problem would be also observed during the
econometric results.

The second step, thus, is to verify if there i spatial autocorrelation among the
determinants that are omitted during the econometric estimation. This s easily done by
performing spatial correlation tests in the residuals of the regressions. Firstly, we proceed our
analysis running a fixedrandom effect models without correcting to any spatial
autocorrelation whatsoever. The results of pooled, fixed and random effects are displayed in

Table 1A (Annex). The Hausman test indicates that the fixed effects model is more suitable to

3 A randomized procedure of Moran Indexes was used to run this test (details about the procedure can be found
in Anselin, 2005).
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our data than the random effects model. Also, the Moran’s [ test performed for the vector of
residuals from the fixed effects model does reject the hypothesis of the presence of no spatial
autocorrelation at 1% level of significance. Some of our variables of interest, openness to
trade and areas of agricultural commodities, their coefficients had expected signs and were
statistically significant. However, as mentioned previously, not taking into account any
spatial effects leads to inappropriate analysis about the dynamic of deforestation at Amazon
and should not be used as policy decisions.

The next step is to estimate specific models that capture spatial effects. Three models
proposed (equations (5), (6) e (7)) are estimated plus a fourth model, the Spatial Error Model
(Spatial Autoregressive Model — SAR). Anselin (2008) shows that when SAR model is
utilized whether for panel data or cross -section, it is able to produce efficient, unbiased and

consistent estimatoss. This model is estimated in two stages and is given by:

Yie =XuB + € (&)
and
€ir = AWye€ +u, ©

where the predicted €;, term from (9) is spatially lagged and used as explanatory variable in
the original model (8). The results of this model produce identical estimates as the ones
observed in the ordinary fixed effects model, although is possible to show that the statistical
inference of SAR models might still be compromised. In such case, aspecific software (or
procedure) to deal with spatial effect at panel data level is recommended.’ To allow correct
estimates regarding to standard deviation of SAR, alternative models can be found in Baltagi
and Li (2006), Baltagi et al. (2006) and Baltagi et al. (2007).

The results presented in the Table 3 are good, but still not sufficient to infer that the
spatial effect was controlled. It is still necessary to verify if there is any spatial effect in the
residuals generated by these regressions.” The Moran’s /test performed in the residual vectors

showed that the spatial effect still persists and has to be to take into account insome different

* Table 2A (annex) presents the test of spatial autocorrelation for the residuals from the model what was chosen,
the fixed effects model.

5 Currently there is no software to perform spatial econometric analysis in the context of panel data. Routines
were developed by independent researchers (e.g., James P. LeSage) that can be implemented in MATLAB or R.
5 The Table 3 displays the results for the four models proposed. A Hausman test (Ho: FE versus RE) was
performed for each.
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way. Thus, Anselin (1992) suggests two procedures: 1) Create spatial regimes that consider
distinct situations related to the variable of interest. Thus, the estimation will be executed
following distinct groups of observations; 2) Create dummies to control any effects steaming
from spatial outliers. For convenience purposes, we opted for the second option to mitigate
the still present spatial effects.

The Table 4 shows the results of three models (Lagged, Cross Regressive and Durbin)
with dummies for spatial outliers. From previous results (Table 3), the fixed effects
specification was kept for the Lagged and Cross-Regressive models and a random effects
model was estimated for the Durbin model. It is well worth mentioning again the adoption of
these different models by using the conventional panel data structure, according to the
literature, is not still a strict spatial econometric procedure such that more information
regarding to neighboring effect would be required. Thus, the inclusion of spatial lagged
explanatory variables is an attempt to reduce possible shortcomings of omitting the spatiality
of data that is still present. The inclusion of dummies is, again, justified to reduce the still
potential spatial effect and obtain more reliable estimates regarding to the parameters. The
variable DUMMY S represent spatial units with value equal or superior than 2.5 standard
deviations and the variable DUMMY I represents spatial units with value equal or inferior
than -2.5 standard deviations.

Spatial autocorrelation tests were performed in the residual for the three models
estimated above (Tables 5-7). The tests indicated that the Durbin model was more suitable to
explain the dynamic of deforestation at Amazon. The hypothesis that there is no spatial
autocorrelation was not rejected at minimum statistical level of 7% (Table 7). The results of
Durbin model presented most regression coefficients were not only significant at 1% level but
showed expected signs. This result indicates that the spatial effect is present so that the
average level of deforestation and the average values of the explanatory variables of the
neighbors together to influence deforestation rate in each spatial unit. This result shows the
existence of spatial interaction with relation to deforestation. This means that the spillover
effects both of deforestation and other activities in neighboring spatial units are important in

explaining deforestation in each spatial unit.

7 The results of these tests were omitted in order not to further extend the work.
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We were also able to corroborate many theoretical findings suggested by the literature.
Among sone of them we find evidence that more openness to trade, the result 5 more
deforestation during the period analyzed, from 2002 to 2007. Second, the positive and
statistically significant of the coefficient GDP” suggests that at higher levels of income, the
result is less deforstation as mndicated by underlying assumptions of the Environmental
Kuznets Curve (Dinda, 2004). Barbier and Burgess (1997) analyzed 1980-1985 forest cover
FAO data in 53 tropical countries and found for most of them, including Brazil, that when
national income per capita goes up, the demand for more deforestation reduces. One
explanation behind this evidence, according to them, is that as long as countries develop
economically, there are also increases in the productivity of their agricultural land and more
revenue, thereby occurs less pressure for deforestation.

We also observed that cattle, measure as number of head, and soybeans, cotton, and
sugarcane, measure as production, provided a reasonable indication that these activities have
been contributed to more deforestation. Some authors argue the reason the production of
agricultural commodities in large scale have been also sharply increased in the Amazon region
since the 1990s is because of the attractive international prices ofsoybeans andthe conversion
of degraded pastures to cop production (Branddo et al, 2006; Diniz et al., 2009). A more
appropriated measure to infer about this causal interpretation would be through domestic and
intemational prices of commodities, however because of higher transaction costs, especially
transportation, that the region faces; we opted by not using them. The sign of the coefficient
for corn was significant and negative which is not surprised because the rents obtained by its
production has been not so attractive as soybeans lately. Moreover, corn is important staple
food and itsproduction is still limited to small scales of production by local communities.

Other determinants were significant and had expected signs. For example, timber
production pushes to more deforestation, whereas nonwood products do not. The coefficient
of variable firewood is negative and has negative sign. This may be reflecting that its
extraction s mostly also done by local communities which are using the forest as their
livelihood.® Unexpected results were also observed such as a negative and no impact on

deforestation of population density and road distance, for example.

¥ There is an intensive ongoing debate among scholars and general public the real role of local communities in
the Amazon forest whether they are helping to preserve the forest or are promoting more predatory
overexploitation of natural resources. This subject is left to future analysis.
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Many spatially lagged variables were statistically significant which clearly provide
evidence that the neighboring effect is important for the results. In these cases, there are
significant spillover effects of some other spatial units. For example, the coefficient of the
variable W_Deforestation indicates that the effect of deforestation on a spatial unit tends to be
positive about the situation of deforestation of each of its neighbors. This is expected since the
deforestation activity expands in space insuch way as the amount of forest becomes scarce in
the spatial reference ofunit, in a form of contagion.

The coefficient of the variables Openness and Cattle spatially lagged exhibit negative
coefficients indicating that situations of greater openness to trade and expansion of livestock
in neighboring spatial units affect negatively the deforestation in the spatial reference unit.
This means that despite the increase in openness to trade and livestock activities in a spatial
unit contributes to the increase in its deforestation, if it occurs in neighboring spatial units, the
effect is to reduce its deforestation. Such result is an explanation, for example, that these
activities might compete to be located n the space. As a result, if activities focused on
openness to trade and/or elated to cattle are located in a municipality, and thereby having

positive effects on its own deforestation, it means that such activities have ceased to be

located in other municipality, excluding greater possibilities of deforestation in this location.

6. Concluding Remarks

The main objective of this paper was to investigate how international trade has affected the

dynamics of deforestation in the Brazilian Amazon. The analysis also focuses on the

expansion of crop and cattle activities, and other determinants such as gross domestic product,

demographic density and roads. The combination between standard econometrics and spatial

econometrics intended to capture, across the space, the socio-economic interactons among the
agents.
The main findings were interesting and allowed us to corroborate some of theoretical

findings from the literature, and not well documented. For example, as long as counties are

more opened to international trade, the result is more deforestation. In fact, is not surprised

that public authorities are failing to contend the overexploitation of natural resources,

especially timber, to attend domestic and mainly international markets. Furthermore, poverty,
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land conflicts, illegal logging and corruption are very old chronicle problems n the region
(Araujo et al., 2009) and have to be tackled by more efforts than only political will.

Other determinants such as the expansion of beef cattle and the production of
soybeans, sugarcane and cotton are important determinants that are pushing to more
deforestation in the region. Some argue that increases in productivity for these economic
activities thiough technological change could help alleviating substantially the pressure on
natural resources (Branddo et al., 2006). Also, we found important evidence that when the
square of GDP goes up, the result is less deforestation, supporting, to some extent, the
environmental Kuznets Curve hypothesis.

Finally, from the results, we found more support that some of development strategies
to be undertaken in region, in order to alleviate poverty, while also benefiting the
environment, should be able to mncrease income through other economic activities, and
increases in agricultural productivity, rather than the ones that promote the overexploitation of

natural resources.
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Table 1. Variable Definitions, Means and Standard Deviations

Variable Description Mean SD
Deforestation Deforested Area (sz) 825.21 1,163.08
(X+M/GDP) were X and M are,
ity e S0 g o
Domestic Product
Cattle Number of Heads 81,274.19 122,191.4
Soybeans Soybean Production (ton) 18,237.26 100,049.6
Density Population/Area 21.42 114.40
GDP Gross Domestic Product 123,380 708,844.9
GDP? Squared of Gross Domestic Product 5.18e+11 1.03e+13
GDP*Openness gllt)‘zr;‘ecstge Term —(GDPtimes ¢ 47 99 180,154.1
Sugar Cane Sugar Cane Production (ton) 19,480.25 159,992.1
Corn Corn Production (ton) 5,736.61 29,281.39
Cotton Cotton Production (ton) 1,916.80 14,135.33
Firewood Firewood Production (ton) 16,322.97 37,121.8
Timber Timber Production (ton) 19,861.39 81,958.08
Nonwood' Non-Wood Products (ton) 1,786.21 12,587.71
Distance Distance (Km) between the City and 313.787 236.17

Capital of State

Notes: lfruits, oils, medicinal plants, latex, etc.
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Table 2. Moran Index (/) for the Deforested Areas of Municipalities of Legal Amazon

Year Spatial Weight Matrix Moran’sI  Mean SD p-value
10 nearest neighbors 0.429 0.000 0.015 0.001
2000 15 nearest neighbors 0.403 -0.001 0.012 0.001
20 nearest neighbors 0.381 -0.001 0.010 0.001
10 nearest neighbors 0.415 -0.001 0.015 0.001
2001 15 nearest neighbors 0.388 -0.002 0.012 0.001
20 nearest neighbors 0.367 -0.002 0.011 0.001
10 nearest neighbors 0.415 -0.001 0.015 0.001
2002 15 nearest neighbors 0.389 -0.001 0.012 0.001
20 nearest neighbors 0.367 -0.001 0.010 0.001
10 nearest neighbors 0.417 -0.002 0.015 0.001
2003 15 nearest neighbors 0.393 -0.002 0.012 0.001
20 nearest neighbors 0.372 -0.001 0.011 0.001
10 nearest neighbors 0.418 -0.001 0.015 0.001
2004 15 nearest neighbors 0.395 -0.001 0.012 0.001
20 nearest neighbors 0.374 -0.002 0.010 0.001
10 nearest neighbors 0.417 -0.002 0.015 0.001
2005 15 nearest neighbors 0.394 -0.001 0.013 0.001
20 nearest neighbors 0.373 -0.001 0.010 0.001
10 nearest neighbors 0.412 0.000 0.015 0.001
2006 15 nearest neighbors 0.391 -0.001 0.012 0.001
20 nearest neighbors 0.370 -0.001 0.012 0.001
10 nearest neighbors 0.410 -0.002 0.015 0.001
2007 15 nearest neighbors 0.388 -0.001 0.012 0.001
20 nearest neighbors 0.366 -0.001 0.011 0.001

Source: Authors’ Elaboration based on softwares SpaceStat version 1.80, GeoDa and ArcView GIS 3.2.
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Figure 1. Cluster Map of L1SA statistics of deforestation in 2000 (left) and 2007 (right)

Source: Authors’ Elaboration based on softwares SpaceStat version 1.80, GeoDa and ArcView GIS 3.2.
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Table 3. Deforested Area Estimations with Correction for the Spatial Effect

Independent

Cross

variables Error Lagged Regresssive Durbin
Constant 456.276™ -59.956™ 404.06™ -63.475"
(8.67) (12.18) (16.82) (37.53)
Openness 233.954™ -280.886™ 406.60 943.872™
(68.67) (56.98) (326.63) (231.00)
Cattle 3.84E-03™ 2.46E-03™ 3.27E-03" 3.57E-03™
(0.00) (0.00) (0.00) (0.00)
Soybeans 1.40E-03™ 6.49E-04™" 5.95E-04™" 4.76E-04™
(0.00) (0.00) (0.00) (0.00)
Density -3.92E-02 -4.23E-02 -3.79E-02 -3.60E-02
(0.10) (0.08) (0.10) (0.07)
GDP 2.52E-04™ 1.12E-04™ 1.75E-04™ 1.34E-04™
(0.00) (0.00) (0.00) (0.00)
GDP? -8.32E-12"" -3.67E-12" -5.73E-12"" -5.00E-12""
(0.00) (0.00) (0.00) (0.00)
GDP *Openness -1.64E-04" -6.94E-05 -1.42E-04 -8.56E-05
(0.00) (0.00) (0.00) (0.00)
Sugacane 2.00E-05 1.72E-05 3.38E-06 6.91E-05
(0.00) (0.00) (0.00) (0.00)
Corn -3.17E-04* -8.62E-04" -1.15E-03" -1.12E-03™
(0.00) (0.00) (0.00) (0.00)
Cotton -1.24E-04 3.25E-04 1.48E-04 -5.79E-05
(0.00) (0.00) (0.00) (0.00)
Firewood -1.69E-04 -9.29E-05 -1.12E-04 -1.02E-04
(0.00) (0.00) (0.00) (0.00)
Timber -1.79E-04™ 7.58E-05 -1.62E-05 2.24E-04™
(0.00) (0.00) (0.00) (0.00)
Nonwood -9.54E-04™ -6.54E-04"" -7.61E-04™ -2.51E-04™
(0.00) (0.00) (0.00) (0.00)
Distance 1.91E-03
(0.20)
W Residual 1.149™
(0.02)
W Deforestation 9.07E-01"" 1.13™
(0.02) (0.02)
W _Openness -584.41" -1026.365™
(335.57) (240.20)
W _Cattle 1.30E-03™ -3.46E-03™
(0.00) (0.00)
W _Soybeans 1.90E-03"" -2.93E-04
(0.00) (0.00)
W _Density 2.08E-01 6.77E-02
(0.31) (0.23)
W _GDP 2.28E-04"" 1.73E-05
(0.00) (0.00)
W _GDP’ 7.24E-08 -1.41E-07
(0.00) (0.00)
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Table 3. Deforested Area Estimations with Correction for the Spatial Effect (cont’d)

W _GDP*Openness 4.10E-04" 1.95E-04
(0.00) (0.00)

W Sugarcane -4.00E-04™" -2.04E-04°
(0.00) (0.00)

W _Corn 3.37E-03™" 1.81E-03™
(0.00) (0.00)

W_Cotton -2.87E-03™ -1.16E-03
(0.00) (0.00)

W _Firewood 4.03E-04 -5.08E-05
(0.00) (0.00)

W_Timber -1.56E-03™" -2.68E-04
(0.00) (0.00)

W _Nonwood -3.22E-03™ -1.17E-03
(0.00) (0.00)

W _Distance -1.96E-02

(0.24)

N 6256 6256 6256 6256

R’ within 0.438 0.625 0.479 0.657

Teste F/ Wald 5 327.950™ 650.140™ 193.21™ 12258.98™

Akaike 80309.66 77784.49 77666.6 -

Schwartz 80397.29 77878.86 77767.72 -

Hausman 35.87" 18.05™ 424.04™ 5.55

Source: Authors’ Elaboration based on software SpaceStat version 1.80, GeoDa, ArcView GIS 3.2

and Stata/SE version 10.0.
Note: F test (fixed effects) and W ad test (random effects).

* p<0.10; ** p<0.05; *** p<0.01.

Standard deviations are in parenthesis under the coefficients.
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dummies for outliers

Table 4. Econometric Results for the Deforested Areas with correction for spatial effect and

Independent Variables Lagged Cross-Regressive Durbin
Constant 27.236™ 436.08™ -35.854
(43.05) (11.97) (35.80)
Openness -249.812* 466.47" 874.932
(56.98) (232.50) (182.81)
Cattle 2.63E-03™ 3.58E-03"" 3.58E-03™
(0.00) (0.00) (0.00)
Soybeans 5.64E-04™" 6.61E-04" 3.45E-04™
(0.00) (0.00) (0.00)
Density -3.32E-02 4.02E-02 -3.48E-02
(0.06) (0.07) (0.06)
GDP 5.01E-05 1.12E-04™ 9.96E-05""
(0.00) (0.00) (0.00)
GDP? -1.21E-12 -3.32E-12™ -3.57E-12""
(0.00) (0.00) (0.00)
GDP*Openness 2.52E-05 4.68E-05 -5.45E-05
(0.00) (0.00) (0.00)
Sugarcane 2.42E-05 3.45E-05 7.45E-05"
(0.00) (0.00) (0.00)
Corn -7.16E-04™ -1.03E-03™ -1.28E-03™"
(0.00) (0.00) (0.00)
Cotton 2.28E-04 2.16E-04 6.73E-04™
(0.00) (0.00) (0.00)
Firewood -2.47E-05 1.86E-05 -2.57E-04""
(0.00) (0.00) (0.00)
Timber -5.97E-05 -1.12E-04" 3.18E-04™
(0.00) (0.00) (0.00)
Nonwood -1.01E-03™ -1.04E-03™ -5.65E-04™"
(0.00) (0.00) (0.00)
distance 7.59E-03
(0.19)
W Desforestation 7.86E-01""" 1.07E+00™"
(0.02) (0.00)
W _Openness -637.70™ -957.86™
(238.82) (189.21)
W _Cattle 8.40E-04"" -3.38E-03™"
(0.00) (0.00)
W_Soybeans 1.48E-03"" -1.60E-04
(0.00) (0.00)
W _Density 1.02E-01 8.13E-03
(0.22) (0.17)
W _GDP 2.09E-04™ 1.29E-05
(0.00) (0.00)
W_GDP’ -3.90E-08 -1.46E-07"
(0.00) (0.00)
W_GDP*Openness 3.78E-04"" 1.68E-04
(0.00) (0.00)
W _Sugarcane -2.76E-04™ -1.33E-04
(0.00) (0.00)
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Table 4. Econometric Results for the Deforested Areas with correction for spatial effect and
dummies for outliers (cont’d)

W _Corn 3.35E-03" 1.79E-03""
(0.00) (0.00)

W _Cotton -5.79E-03™ -1.26E-03
(0.00) (0.00)

W _Firewood 5.25E-04 -1.25E-04
(0.00) (0.00)

W_Timber -1.38E-03™ -6.72E-04""
(0.00) (0.00)

W_Nonwood -4.14E-03™ -1.61E-03™
(0.00) (0.00)

W _Distance 6.80E-02

(0.23)
DUMMY S 429.841™ 545.70™ 470.057™
(14.48) (15.60) (13.52)
DUMMY 1 -566.257 -671.57™ -513.523™
(13.60) (13.66) (12.57)

N 6256 6256 6256

R’ within 0.787 0.737 0.813

F/Wald y" ° 1256.28"™ 544.46™ 24610.317

Akaike 74266.81 75602.66 -

Schwartz 74374.67 75791.42 -

Source: Authors’ Elaboration based on software SpaceStat version 1.80, GeoDa, ArcView GIS
3.2 and Stata/SE version 10.0.
Note: a) F test (fixed effects) and Wal test (random effects); b) Hausman test was done with
respect to two models: Error, Lagged and Durbin regarding to the first step of estimation when
we chose the more suitable model to predict the residuals to be used in the second step of

estimation.

* p<0.10; ** p<0.05; *** p<0.01.

Standard Errors are in parenthesis under the coefficients.
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Table 5. Test of Spatial Autocorrelation of Residuals of Spatial Lagged Model of Fixed

Effects and Dummies for Outliers

Year Moran’s Mean SD p-value
2000 0.071 -0.002 0.014 0.001
2001 0.129 -0.001 0.014 0.001
2002 0.049 -0.001 0.014 0.003
2003 0.024 -0.001 0.015 0.061
2004 0.098 -0.001 0.014 0.001
2005 0.131 -0.002 0.014 0.001
2006 0.097 -0.001 0.014 0.001
2007 0.020 -0.001 0.014 0.070

Source: Authors’ elaboration from SpaceStat version 1.80, GeoDa, ArcView GIS 3.2.

Table 6. Test of Spatial Autocorrelation of Residuals of Crossed Regressive Model of Fixed
Effects and Dummies for Outliers

Year Moran’s Mean SD p-value
2000 0.364 -0.002 0.014 0.001
2001 0.252 -0.001 0.014 0.001
2002 0.102 -0.002 0.015 0.001
2003 0.112 -0.001 0.015 0.001
2004 0.233 -0.001 0.015 0.001
2005 0.157 -0.002 0.015 0.001
2006 0.150 -0.001 0.014 0.001
2007 0.211 -0.001 0.014 0.001

Source: Authors’ elaboration from SpaceStat version 1.80, GeoDa, ArcView GIS 3.2.

Table 7. Test of Spatial Autocorrelation of Residuals of Spatial Durbn Model of Random

Eftfects and Dummies for Outliers

Year Moran’s Mean SD p-value
2000 -0.015 -0.001 0.015 0.182
2001 -0.020 -0.002 0.014 0.104
2002 -0.017 -0.001 0.015 0.162
2003 -0.016 -0.001 0.015 0.084
2004 0.000 -0.002 0.014 0.515
2005 -0.014 -0.002 0.015 0.234
2006 -0.024 -0.002 0.015 0.070
2007 -0.021 -0.001 0.015 0.083

Source: Authors’ elaboration from SpaceStat version 1.80, GeoDa, ArcView GIS 3.2.
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Annex

Table 1A. Deforested Area Estimations without Correction for the Spatial Effect

Independent Variables POOLS Fixed Effect Random Effect
Constant 7.668 456.276™ 150.488"**
(16.42) (8.67) (42.02)
Openness 491.714™ 233.954™ 344.923™"
(67.41) (68.67) (66.05)
Cattle 6.20E-03""" 3.84E-03"" 4.07E-03""
(0.00) (0.00) (0.00)
Soybeans 9.43E-04"" 1.40E-03"" 1.28E-03""
(0.00) (0.00) (0.00)
Density -1.63E-01" 3.92E-02 -9.40E-02
(0.08) (0.10) (0.10)
GDP 2.48E-04"" 2.52E-04"" 1.93E-04""
(0.00) (0.00) (0.00)
GDP? -1.76E-11" -8.32E-12"" -6.63E-12""
(0.00) (0.00) (0.00)
GDP *Openness -4.55E-04"" -1.64E-04" -1.21E-04™"
(0.00) (0.00) (0.00)
Sugarcane 2.29E-04"" 2.00E-05 4.99E-05"
(0.00) (0.00) (0.00)
Corn 4.04E-03*" -3.17E-04" -1.11E-04
(0.00) (0.00) (0.00)
Cotton -1.37E-02" -1.24E-04 -8.42E-04"
(0.00) (0.00) (0.00)
Firewood 4.48E-04""" -1.69E-04 1.19E-05
(0.00) (0.00) (0.00)
Timber 2.31E-03" -1.79E-04" 1.58E-04"
(0.00) (0.00) (0.00)
Nonwood 1.07E-02"" -9.54E-04""" -6.36E-04"""
(0.00) (0.00) (0.00)
Distance 5.56E-01"" 8.86E-01"""
(0.04) (0.11)
N 6256 6256 6256
R’ 0.631 0.438 0.436
F/Wald y’ 763.220"" 327.950™" 5058.71°"
Akaike 99859.18 80309.66 -
Schwartz 99953.55 80397.29 -
Hausman 35.87°"

Source: Authors’ elaboration from Stata/SE version 10.0.
Note: a) R’ adjusted (Pooled) and R® within (fixed effects and random effects models).
b) F test (Pooled and fixed effects)and Wald test (Random effects).
* p<0.10; ** p<0.05; *** p<0.01.
Standard errors are in parenthesis under the coefficients.
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Table 2 A. Test of Spatial Autocorrelation of Residuals for the Fixed Effects Model

Year Moran’s / Mean SD p-value
2000 0.349 -0.001 0.015 0.001
2001 0.264 -0.001 0.015 0.001
2002 0.242 -0.001 0.015 0.001
2003 0.204 -0.001 0.015 0.001
2004 0.317 -0.001 0.015 0.001
2005 0.225 -0.001 0.015 0.001
2006 0.200 -0.001 0.015 0.001
2007 0.266 -0.001 0.015 0.001

Source: Authors’ elaboration from SpaceStat version 1.80, GeoDa, ArcView GIS 3.2.



