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This dissertation used land rent theory and an economic model of land-use 

conversion to examine the main drivers of the deforestation occurred in Antioquia, 

Colombia, between 1980 and 2000. Land-cover information at a semi-fine scale (1:25,000) 

obtained largely from aerial photography was employed to calculate deforestation. In 

addition, free international databases and national georeferenced biophysical information 

are also used to consolidate a set of potential explanatory variables. Econometric models 

estimated the clearing probability as a function of the variables: distance from roads, 

distance from rivers, slope, Gini’s index (a measure of land ownership concentration), soil 

fertility, protected area, and population density.  

The robustness of the statistical estimation to the pixel size, the analysis unit used 

in this dissertation, suggests that a 30 m pixel size model performs better from a statistical 

viewpoint than models with pixel size from 50 to 300 m. The 30 m pixel size model has the 

highest values of R2 and area under the ROC curve, an index used to measure discrimination 



accuracy in the econometric models. Elasticity magnitudes of all the explanatory variables 

included in the 30 m pixel size model indicate that the Gini’s index, the slope, and the 

distance from roads are the main drivers of the observed deforestation in Antioquia. The 30 

m pixel size model was used in policy analyses in two different ways: (i) to simulate how 

new roads may influence deforestation, (ii) to identify the areas under greater threat of 

deforestation.  

For the building of new roads a simulated scenario examines the incremental effects 

on deforestation with respect to a base scenario, after reducing the distance from roads by a 

fixed percentage of 50%. Simulation results suggest that the building of new roads will 

induce more deforestation (~1039 hectares) compared to the base scenario. The results of 

this dissertation were also employed to identify forest areas under greater threat of 

deforestation. The results indicate that the forests located in the Northwest of Antioquia are 

under greater threat of conversion most likely because of their accessibility, and that forests 

located in remote sites may be protected without significant institutional efforts.  
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Economic Modeling of Tropical Deforestation in Antioquia (Colombia), 1980-2000: An 

Analysis at a Semi-Fine Scale with Spatially Explicit Data 
 

1. INTRODUCTION 

Economic analysis and a model of land-use conversion, based on land rent theory, 

are employed in this dissertation to examine with spatially explicit data the determinants of 

the deforestation that occurred in Antioquia, Colombia, between 1980 and 2000. Although 

the main drivers of deforestation tend to be easily identified and conceptually understood 

(Geist and Lambin 2001), the empirical evidence indicates that the impact of these drivers 

may substantially vary across regions as a result of specific economic, social, and 

institutional settings. Deforestation studies at the regional level, as the carried out in this 

dissertation, are required to provide useful information to policy makers and improve the 

effectiveness of institutional efforts oriented to avoid the conversion of natural forests to 

alternative uses. 

Land use and land-cover change (LULCC) have increasingly become an issue in 

numerous tropical areas during the last two decades.1 In those areas, land use and forest 

cover are changing significantly (Wright 2005) as a result of deforestation processes. 

Although a consensus does not exist on the rates of forest clearing, a recent study based on 

remotely sensed data indicates that 5,8 ± 1,4 and 2,3 ± 0,7 million hectares (ha) of humid 

tropical forests were deforested and degraded each year, respectively, over a period from 

1990 to 1997 (Achard et al. 2002). Also, Hansen et al. (2008) combined low and high spatial 

                                                 
 
1 There exists a close relationship between land use and land cover. Land use is referred to human 
activities in a specific land cover. Land cover, however, may influence human activities in the land 
which, in turn, could lead to changes in the land cover (Ahearn and Alig 2006).  
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resolution datasets to estimate a loss of 27.2 million ha of humid tropical forest over the 

period 2000-2005. The largest net loss of forests between 2000 and 2005 appears to have 

occurred in South America – 4.3 million ha per year – followed by Africa – 4.0 million ha per 

year (FAO 2006). 

 Forestlands are converted to alternative uses, primarily agriculture to meet an 

increasing demand for food (Barbier and Burgess 2001, Lambin et al. 2003). The conversion 

of tropical forests could be considered as a highly complex process, influenced by variables 

related to demography (i.e., density and distribution of population), economics (i.e., 

markets, income, urban growth), technological changes, public policies, and cultural values 

assigned to forests by people (Geist and Lambin 2002). 

Scientists argue that tropical deforestation has substantially contributed to both soil 

and biodiversity loss; fragmentation of wildlife habitats; modification of local climates as a 

result of changes in both albedo and energy exchange between the land surface and the 

atmosphere; and global climate change by the release into the atmosphere of greenhouse 

gases. Analyses of carbon flow due to changes in land use and management suggest that 

~156 PgC were emitted to the atmosphere over the period 1850-2000, and almost 60% of 

this release occurred largely in tropical areas (Houghton 2003). During the 1990s, land-use 

change led, on average, to carbon emissions into the atmosphere of 2.2 PgC yr−1 (Houghton 

2003), representing about 35% of the emissions from fossil fuels. Global net emissions from 

land-use change in the tropics were estimated to be 1.1 ± 0.3 PgC yr−1 during the 1990s 

(Achard et al. 2004).  

Deforestation is largely occurring in the tropics, but an effective monitoring program 

through long-term permanent plots does not exist from which to obtain landowners’ 

revealed preferences for land-use types and reliable empirical evidence of land-cover 

changes. Even long-term trends in tropical forest area are unclear due to possible inaccuracy 
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and inconsistencies of the Forest Resources Assessments of the United Nations Food and 

Agriculture Organization (Grainger 2008).2 Scientists are, however, trying to overcome many 

of these difficulties by using multi-temporal and multi-resolution remotely sensed data. Data 

from remote sensing – the Moderate Resolution Imaging Spectroradiometer (MODIS), 

Landsat Thematic Mapper, SPOT Vegetation, the National Oceanic and Atmospheric 

Administration´s Advanced Very High Resolution Radiometer (AVHRR), IKONOS, QuickBird – 

are being increasingly employed to map tree cover (DeFries et al. 2000) and consolidate 

accurate, consistent, and reliable datasets of tropical deforestation (DeFries et al. 2007). 

Although remotely sensed data provide valuable information on land-cover changes, 

including the transition from forest to non-forest referred to as deforestation, most of the 

analyses tend to be carried out at the biome (i.e., global) scale, providing information at a 

coarse spatial resolution. This level of resolution, however, may not be appropriate to inform 

public land use policy or to evaluate the effect of government interventions (e.g., road 

building) on deforestation. Deforestation occurs at a fine resolution spatially speaking, 

suggesting the use of high-quality information to improve the understanding of the causes 

of conversion of tropical forests.   

Some sites in Antioquia, Colombia, where deforestation seems to be occurring at 

high rates, have been previously identified. To mitigate forest conversion, public agencies 

and environmental organizations have basically employed two strategies. First, the 

implementation of development projects co-funded through international cooperation and 

intended to promote sustainable forest management.3 Second, the creation of a system of 

protected areas which is expected to incorporate more forested lands into the system over 
                                                 
 
2 Inconsistencies may be due to either the revision of area estimates at the country level in successive 
reports after new information becomes available or to the methods used to aggregate statistics by 
forest type. 
3 For instance, a project aims to manage forests located in the North and Northeast of Antioquia has 
recently started activities. The project is funded by one of the Antioquia’s environmental public 
agencies and the International Tropical Timber Organization (ITTO). 
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the next years due to an unprecedented rise of the budget available for conservation 

activities. Moreover, some concerns may arise among policy makers and conservation 

organizations with respect to the potential impacts of new roads on deforestation. Antioquia 

and the National Government have recently approved funding to build new roads to improve 

competitiveness and integrate the region with international markets. Roads are intended to 

be of high technical specifications for which the project is known as Autopistas de la 

Montaña (which might be translated as Highways of the Mountains).  

As previous studies of deforestation using economic analysis do not exist for 

Antioquia, Colombia, studies are needed to provide insights to policy makers about the 

relationship between development projects and forest clearing and the effectiveness of a 

system of protected areas as a conservation strategy. The research questions of this study 

are: (i) what are the main determinants of the deforestation that occurred in Antioquia 

between 1980 and 2000 and what is their relative importance, (ii) how do government 

interventions such as the building of new roads influence deforestation and (iii) what is the 

location of lands still covered by forest but under greater threat of clearing.  

This study uses a conceptual and econometric economic model of land-use 

conversion based on a market for cleared land in which the amount of forested land 

converted to agriculture is determined by the demand for and the supply of cleared land 

(Cropper et al. 1999). However, some factors that affect the demand for cleared land (e.g., 

price of agricultural output, input prices including that for land, transport cost), and the 

supply of cleared land (e.g., cost of labor and other inputs, and the price of logs) are 

generally not observed in tropical countries at the parcel level.  

Although the lack of economic variables does not allow for the estimation of a 

structural model of cleared land, it is possible to estimate a reduced-form equation for the 

equilibrium level of cleared land. A cleared land equation is specified and statistically 
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estimated in this dissertation using a binary model in which the clearing probability is 

assumed to be a function of potential explanatory variables related to market accessibility 

(e.g., distance from main roads, distance from rivers), agricultural suitability (e.g., slope, soil 

fertility), population density as a shifter of both the demand for and the supply of cleared 

land, the status of protected areas, and a measure of the landownership concentration.  

Free access international and national datasets are employed to calculate as raster 

images all the potential explanatory variables. The deforestation variable is calculated from 

land-cover information at a semi-fine scale (1:25,000) obtained primarily from aerial 

photography, which differs from previous studies in which cover types are usually derived 

from satellite images. Correlations within variables across space or spatial autocorrelation 

(Getis 2007) are very likely to characterize the georeferenced data used in this dissertation. 

Existing approaches to estimate spatial regression models are computationally intensive (Bell 

and Bockstael 2000, Carrión-Flores and Irwin 2004) and are limited to relatively small 

samples (e.g., few thousand of observations). Because the number of observations in this 

dissertation ranges from tens of thousands to millions, spatial sampling is used to control for 

spatial autocorrelation and obtain randomly a subsample in which observations are 

separated by a certain minimum distance.  

To examine how the model predicts deforestation at various scales, which may have 

implications for policy analysis to the extent that model accuracy varies, the effect of the 

size of the spatial analysis unit on the statistical performance of the econometric model is 

evaluated by using for the raster images different pixel sizes (e.g., 30, 50, 100, 200, and 

300 m). The deforestation econometric model with the best statistical performance is then 

used to examine public policy options in two ways.  

First, the econometric model is used to simulate how the building of new roads may 

affect deforestation given the most likely location of forest clearing provided by the spatial 
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model of land-use change. A simulation scenario is defined by subtracting from all the 

observations of the variable distance from roads a uniform percentage and holding other 

explanatory variables constant. This is intended to mimic an increase in the road network. A 

new econometric model is estimated and a new map showing the distribution of the 

estimated probabilities is generated. The results of the simulation scenario are compared 

with those for a base scenario in which the econometric model is estimated without changes 

in the original values of the variable distance from roads. The comparison of scenarios 

provides valuable information to policy makers and increase their understanding and ability 

to mitigate potential impacts of proposed roads on deforestation.  

Second, the spatially explicit model of deforestation allows for the identification of 

those lands still covered by forest but under greater threat of clearing. This constitutes 

valuable information for the design of better and efficiently targeted conservation plans, as 

well as for the identification of priorities for location of land use policies oriented to reduce 

the potential clearing of existing and proposed protected areas. 

The remainder of this dissertation is organized as follows. Chapter 2 summarizes 

previous studies of tropical deforestation, focusing largely on tropical countries of Latin 

America. Chapter 3 describes the conceptual framework of forest clearing decisions, the 

study area, and the methods used in this dissertation. Chapters 4 and 5 present results and 

discussion, respectively. Finally, relevant research findings are considered together to 

present some conclusions in Chapter 6. 



 

 

7 

2. LITERATURE REVIEW 

Anticipated environmental consequences of tropical deforestation, at both global 

and local scales, have led researchers from disciplines such as landscape ecology, 

geography, and economics, to modeling LULCC. Landscape ecologists often examine a multi-

temporal sequence of maps of LULCC from remote-sensed imagery to try to understand and 

predict landscape dynamics, whereas geographers focus explicitly on explanation of LULCC 

as a function of socioeconomic and physical variables (Walker 2004). Economists study 

decisions related to LULCC by assuming that landowners are profit or utility maximizers. 

According to this behavioral assumption, landowners will choose the land use that yields the 

highest net return or welfare position.   

The conceptual basis for LULCC has moved from a derived demand for agricultural 

land into discrete choice models where individual agents choose a land use among a finite 

set of potential alternatives (Walker 2004). Land-cover change, however, is inherently 

related to a specific location. For this reason, the availability of remotely sensed imagery 

along with the development of Geographic Information Systems (GIS) has substantially 

contributed to the estimation of spatial models of LULCC (Chomitz and Gray 1996, Nelson 

and Hellerstein 1997, Nelson et al. 1999, Pfaff 1999, Irwin and Geoghegan 2001, Munroe et 

al. 2002, Nelson and Geoghegan 2002, Geoghegan et al. 2004, Nelson et al. 2004, Aguiar et 

al. 2007). Numerous studies use statistical methods to either explain or predict a possible 

spatial outcome. The approaches are referred to as spatially explicit models (Walker 2004). 

For economists, spatial LULCC models consist of discrete data on land use or land cover 

derived from satellite images, aerial photographs, or land inventories, linked with other 

spatially explicit information related to socio-economic and geophysical variables (Alig and 
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Plantinga 2007). In spatial LULCC models, decisions made by individuals are explicitly linked 

to spatial contexts (Irwin and Geoghegan 2001).  

For more than two centuries economists have focused on examining the allocation 

of land to alternative uses. By using land rent theory as the fundamental approach 

economists intend to explain the relationship between land uses and the main drivers 

influencing land-use decisions (Alig and Plantinga 2007).4 Economists have also tried to 

identify and understand the underlying factors of land-use change. One land use change of 

particular interest over the last decades is the conversion of forest to non-forest use through 

the removal of all or most of the tree cover, that is, deforestation.   

By using what economists term positive analysis, deforestation can be examined 

through economic models of land-use conversion, which focus on identifying and explaining 

factors that lead to a change in land use (Plantinga and Irwin 2006). But economic models 

of land-use conversion, like models of land-use allocation, are based on the same 

fundamental economic assumption. That is, landowners are assumed to be utility or profit 

maximizers and choose a land use to maximize the present value of net returns (Plantinga 

and Irwin 2006).  

Although there exist comprehensive reviews of economic models of tropical 

deforestation, such as that made by Kaimowitz and Angelsen (1998), the first section of this 

chapter is intended to extend the literature review by describing the most relevant studies of 

tropical deforestation carried out over the last decades − studies that develop new and 

innovative strategies of spatial modeling of tropical deforestation. A review of the studies of 

deforestation modeling in Colombia is presented in section two. Although most of these 

                                                 
 
4 There exist comprehensive reviews of the theoretical background of economic models of land use 
(Segerson et al. 2006) and of the empirical methods of land use (Plantinga and Irwin 2006). In 
addition, for a complete description of land use models for projecting areas of private timberland and 
forests cover types see Alig and Plantinga (2007).  
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studies do not use explicitly economic theory, they are briefly summarized to provide a 

background of the forest clearing analyses made recently in Colombia. Finally, section three 

of this chapter summarizes the main findings of the review of deforestation studies.  

2.1 Economic Models of Tropical Deforestation 

The work of Chomitz and Gray (1996) constitutes one of the first contributions of 

economic models using spatial analysis. They develop a spatially explicit economic model of 

land use based on von Thünen’s theory to examine the possible trade-off between rural 

roads and deforestation in Southern Belize. Roads are built to contribute to economic growth 

by linking remote regions to markets, but they also improve accessibility and may promote 

migration to forested areas, resulting in deforestation. An estimatable model is derived 

based on economic theory, and a reduced form of it is fitted using a multinomial logit, which 

allows for the calculation of probabilities for three main categories of land use: natural 

vegetation, as well as commercial and semi-subsistence agriculture. As exogenous variables 

the model includes instruments of market distance to account for a possible road 

endogeneity, soil nitrogen, slope, available phosphorus, soil pH, flood hazard, rainfall, 

national land and forest reserves as types of land tenure, and wetness – an ordinal scale 

representing drainage. Interestingly, results show that subsistence farmers from remote and 

low population-density sites do not necessarily colonize areas adjacent to roads. Impacts 

and the possible endogeneity of roads seem to be attenuated and controlled by 

incorporating soil quality and tenure conditions into the model. Also, low economic returns 

may be associated with roads located in areas of poor soil quality, contributing to 

deforestation and low integration of regions to markets. This implies a “lose-lose” strategy 

as suggested by Chomitz and Gray (1996). 
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Satellite images and geo-referenced data have also been used to derive land cover 

information. Nelson and Hellerstein (1997) utilize data on land cover from satellite images 

and other geographic information to examine the determinants of land cover in central 

Mexico. Based on Chomitz and Gray´s work, an econometric model of land cover is 

estimated and used to simulate the impacts of roads. The model includes as exogenous 

variables both geophysical and soil quality measures – elevation, slope, soil, potential 

intensity of solar radiation, a dummy variable equal to 1 for north-facing slopes, and a 

dummy variable equal to 1 for flat pixels – and socioeconomic variables – cost of access to 

the nearest road, large population center, and village. The dependent variable is the 

“vegetation type” and is measured by calculating the normalized vegetative index (NDVI) 

from the satellite image. To analyze spatial effects – spatial autocorrelation and 

heterogeneity – two procedures are suggested. First, a coding scheme is used to ensure 

that neighboring units of observation or pixels are not included in a sample drawn from the 

full data set. Second, a proxy lag variable for the dependent variable is constructed based 

on a window of pixels consisting of eight neighboring units. Results indicate a strong 

correlation between land cover of a specific location and its accessibility conditions. The 

more difficult the access to a forested area, the higher the probability that the area will 

remain forested. 

Nelson et al. (1999) develop a dynamic version of Chomitz and Gray’s model to 

simulate land use effects of infrastructure investments in the Darién province of Panamá. A 

multinomial logit form is used to model nine land use categories as a function of thirteen 

explanatory regressors, including geophysical (i.e., elevation, rain, and slope) and 

socioeconomic (i.e., dummy variables for natural parks, natural reserves, and forest 

concession areas, as well as transportation costs of agricultural products to various final 

destinations). Also, the model includes two additional variables, latitude and longitude, to 
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correct for possible spatial effects. The estimated model is employed to simulate the effects 

of road resurfacing on deforestation, suggesting that overall deforestation is not significantly 

increased. The model and all variables suggested by Nelson et al. (1999) are also used in 

two subsequent papers: (i) to validate in a national park and two natural reserves in the 

province of Darién, Panamá, the hypothesis that secure property rights lead to more 

sustainable land use (Nelson et al. 2001); (ii) to evaluate the effect on the econometric 

estimation of different discrete choice models – multinomial, nested, and random 

parameters logit (Nelson et al. 2004). The same data set of the Darién Province in Panamá 

is used to develop a discrete choice dynamic model (de Pinto 2004). One of the most 

important features of this approach is that the dynamic nature of the model allows for the 

examination of irreversibility associated with some decisions (e.g., once a specific area is 

deforested, the forest option is no longer part of the set of land uses available in the next 

period of time). 

An economic model in a spatial framework, combining land cover from satellites and 

socioeconomic data at the county level, is used to study the determinants of deforestation in 

the Brazilian Amazon (Pfaff 1999). An economic land-use model is conceptually derived, 

which allows for the estimation through a logit model of the fraction of the forest land 

cleared, as a function of exogenous variables representing transport costs, government 

actions, and census data. Some of these variables are density of paved and unpaved roads, 

river density, distance to major markets, credit-agency density, population density, and 

vegetation type. In addition, similar measures of population, roads, and credit infrastructure 

for neighboring counties are included in some regressions to capture spatial interactions. 

Unlike previous studies of deforestation using the cross-country regression approach, in 

which population is a significant explanator of deforestation, the Pfaff’s study shows how the 

statistical effect of population is slightly attenuated by incorporating additional exogenous 
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variables. That is, there exist many potential, interacting determinants of tropical 

deforestation.  

A spatial model, based on economic theory of land rent, is developed and used to 

estimate land-cover change trajectories in Southern Cameroon (Mertens and Lambin 2000). 

Logit models are employed to study the observed deforestation for the periods 1973-1986 

and 1986-1991. Results of these models are compared to estimates obtained from a 

multinomial logit model, in which three main land-cover trajectories – forest/non-forest/non-

forest, forest/forest/non-forest, and forest/non-forest/forest – are considered for the whole 

period 1973-1991. All the models include as explanatory variables distance from roads, 

distance from towns, distance from forest/non-forest edge, forest fragmentation, and high 

and medium soil quality. Results suggest that land-cover change trajectories allow for a 

better understanding of the dynamics of the deforestation process, leading to more accurate 

predictions of future deforestation. 

Two spatially explicit models are used for modeling tropical deforestation in the 

Southern Yucatán peninsular region (Geoghegan et al. 2001). First, a logit model is 

employed to estimate the probability that a unit of observation, which is assumed to be a 

pixel, will be deforested. Satellite and aggregate socioeconomic data are merged to calculate 

land cover and explanatory variables such as elevation, slope, soil type, previous forest 

cover, distance to road and markets, distance to nearest agricultural land use, diversity and 

richness of neighboring land uses, population, population density, cattle density, and truck 

density. Second, a cross-sectional regression is estimated to explain the amount of 

deforestation for an individual farmer by incorporating in the model the same exogenous 

variables as described above. Although both models are supposed to explain different 

events, an interesting result is that while most variables are statistically significant in the 

logit model, location variables are not statistically significant in the cross-sectional 
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regression. The finding seems to indicate that location influences the probability of 

deforestation but not the total amount of it in a specific location in a model in which the 

analysis unit is the land manager. 

The dynamics of land-cover change was studied in western Honduras using both 

binary and random-effects probit models (Munroe et al. 2002). Once again, the empirical 

model developed by Chomitz and Gray is used to examine, for three distinct dates, the 

spatial and temporal complexity of possible trajectories of land-cover. Land-cover 

trajectories are determined through a rigorous selection and processing of satellite images, 

and modeled as a function of exogenous variables such as elevation, slope, patch size, and 

prices combined with distances for products derived from both subsistence and market-

oriented agriculture (i.e., maize and coffee, respectively). Observations included in the 

sample were separated from each other to reduce spatial autocorrelation. It is often 

assumed that the greater the distance between observations, the lower the spatial 

autocorrelation. Sampling distances, ranging from 627 to 1815 m, are used to calculate both 

Moran´s I and Kappa statistics and evaluate spatial autocorrelation and overall prediction 

accuracy of the estimated model, respectively.5 A sampling distance of 825 m provides the 

highest value for overall accuracy and Kappa statistic and is used in the econometric 

analysis of land-use trajectories. Although combined effects of abandonment of marginal 

land, clearing of forests to establish market-oriented farming systems and the influence of 

external economic conditions are responsible for transformations of rural landscapes in 

Honduras, these effects seem to be adequately explained by the econometric model. 

                                                 
 
5 Moran´s I test is a new version (Kelejian and Prucha 2001) of the more traditional test, while the 
Kappa index is part of the techniques of the remote sensing literature. The Kappa index ranges 
between 0 and 1 and measures the correct classification of pixels with respect to original data. The 
closer the Kappa value to 1, the better the overall accuracy of the classification. 
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High-resolution (1 km grid) maps of land use and soils are combined with coarse 

information on population and agricultural production to estimate the probability of 

deforestation at the plot level for Chiapas and Oaxaca in Mexico (Deininger and Minten 

2002). The land-rent model proposed by Chomitz and Gray (1996) is used to study the 

forest clearing that occurred between 1980 and 1990, as a function of productivity shifters 

(e.g., slope, rainfall, soil type, soil fertility, area under ejido tenure, protected area, access 

to public extension) and factors affecting input and output prices (e.g., distance to paved 

roads, population density, poverty, and availability of subsidized credit). One striking finding 

is that a model estimated by using only socio-economic variables provides a spurious 

correlation between poverty and deforestation, compared to a model estimated with socio-

economic variables and physio-geographic attributes of the plots. In constrast, the omission 

of socio-economic variables does not affect the statistical performance of the deforestation 

model.    

A multivariate model, based on the conceptual model of land-use developed by Pfaff 

(1999), is employed to study the determinants of conversion of forest to agricultural use in 

an extensive area (486 million ha) in the legal Amazonia (Chomitz and Thomas 2003). 

Deforestation, measured as the ratio of agricultural land to the area of a census tract, is 

assumed to be explained by climate (i.e., monthly precipitation), soils, vegetation types, 

roads and rivers, land in a protected status, and areas subject to earlier disturbances. A 

Tobit model is used by Chomitz and Thomas (2003) to test the hypothesis that increases in 

the amount of precipitation lead to lower rates of forest conversion.6 Fine spatial resolution 

(i.e., 0.05 degrees) of the climate data enables the validation of the suggested hypothesis. 

                                                 
 
6 Most of the natural forests in the Amazonia are converted to pastures. This trajectory, however, 
appears to be less likely in humid areas as high precipitation may make cattle more susceptible to 
parasites as reported by Chomitz and Thomas (2003), based on studies of planning of agricultural 
development. Less forest clearing is also observed in wetter areas in some deforestation models fitted 
for various regions of Santa Cruz, Bolivia (Mertens et al. 2004).  
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That is, the spatial resolution of the available information on precipitation permitted its 

effect on deforestation to be separated from possible combined effects of climate, soils, and 

markets.   

Although determinants of deforestation vary over space and time, most models are 

not able to capture this variation if they use aggregate data or information for a few time 

periods.  A study carried out in Santa Cruz, Bolivia, examines both the effects of geographic 

scale and the time period on deforestation modeling (Mertens et al. 2004). Results indicate 

that some explanatory variables (i.e., precipitation, soil quality, forest concessions) are 

statistically significant at the aggregate level, but the same variables do not seem to 

adequately explain deforestation when the aggregate model is partitioned to be fitted to 

various sub-regions.  

Land-use determinants in the Brazilian Amazonia have been examined through 

spatial statistical analysis (Aguiar et al. 2007). A comprehensive dataset allowed calculation 

of more than 50 potential regressors, grouped in seven broad categories: accessibility to 

markets, economic attractiveness, agrarian structure, demographics, technology, public 

policies, and environmental conditions. Linear and spatial lag regression models are used to 

assess the determinants of deforestation, pasture, and temporary and permanent 

agriculture. Models are fitted for the whole of Amazonia, as well as for three large sub-

regions: the densely populated area – the arch corresponding to the Southern and eastern 

of the Amazon, Central Amazon, and Occidental Amazon. Results show that the interactions 

of many factors, as opposed to analyses considering only one, could explain the intra-

regional heterogeneity of the deforestation patterns in the Amazon.  

Drivers of forest clearing in agroforestry systems of shade coffee in Southern Mexico  

are examined using a spatial econometric model (Blackman et al. 2008). The land-rent 

model suggested by Chomitz and Gray (1996) is used as conceptual framework to study 
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land manager’s decisions on forest clearing. Unlike other studies of deforestation, a land 

cover map at 2-m resolution is derived from aerial photographs. By using land cover 

observed at one point in time but assuming that forests covered the entire study area in the 

past, forest clearing is modeled as a function of geo-physical attributes of plots (e.g., 

altitude, slope, terrain, and soil attributes) and farm characteristics where the plots are 

located (e.g., size, membership in marketing cooperatives). A sample size of 7,156 plots 

located in the altitudinal belt (400-1600 meters above sea level) where the coffee grows 

enables the use of a Bayesian approach to deal with spatial autocorrelation. One interesting 

result suggests that proximity to urban centers, which are also important markets for crops, 

do not induce clearing of tree cover in agroforestry systems of coffee. This finding differs 

from the effect of proximity to urban centers generally observed in studies of deforestation 

in natural forests.         

Spatially explicit models have also been used to study deforestation in tropical areas 

such as Africa (Mertens and Lambin 2000) and Asia (Cropper et al. 1999, Cropper et al. 

2001, Müller and Zeller 2002). Cropper et al. (1999) propose an equilibrium model in the 

market for cleared land. A demand function for cleared land is assumed to depend on the 

price of agricultural output, transport costs, the wage rate, the price of capital, the rent 

derived from agricultural use of the land, soil quality, and slope. In turn, the supply function 

of cleared land is assumed to be the inverse of the marginal cost of a clearing function. The 

cost of clearing depends on the amount of cleared land, physiographic factors, accessibility 

to forested areas, and on the costs of inputs. The cost of clearing, however, is reduced if 

some revenues accrue from the logging of valuable woods, which implies that the cost of 

clearing is inversely related to the price of logs.  

Considering the potential endogeneity of land use, population devoted to 

agricultural use (i.e., agricultural household) and roads, a reduced-form equation for the 
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equilibrium amount of cleared land is estimated simultaneously with agricultural household 

and road equations. While the agricultural household equation is primarily defined in terms 

of proxies for returns to agriculture and income in the non-agricultural sector, the road 

equation is assumed to be essentially a function of distance to national markets, slope, 

cleared land, and non-agricultural gross product.   

The structural model consisting of three equations − cleared land, agricultural 

household, and roads − is used to examine the impact of roads, population growth, and 

physical factors on the deforestation observed in provinces of Thailand for the years 1976-

1989. Results from the model estimated for the entire country of Thailand indicate that a 

10% increase in road density accounts for a 10% decrease in forest area. A similar increase 

of 10% in agricultural household density is, however, responsible for only a 3.2% decrease 

of the land covered by forests. In contrast, a 10% increase in the proportion of land with 

slope greater than 30° implies a 2.5% increase in forest area.  

Cropper et al. (2001) explain land clearing and location of protected areas – national 

parks and wildlife sanctuaries – in the North of Thailand through the estimation of a 

structural bivariate probit model and use of coarse-resolution (1:1,000,000 scale) data at the 

plot level. Physiographical variables (i.e., slope, elevation, and soil type), population density, 

a cost variable based on distance and weighted by the terrain type, and dummy variables 

for province and protected areas are used as explanatory variables for cleared land. The 

same variables along with a dummy variable representing location near rivers are used to 

estimate the likelihood that a piece of land be protected. All the GIS datasets are converted 

to raster maps with a 100-m resolution. A sampling strategy based on selecting 

systematically points at 5-km intervals is used to reduce spatial autocorrelation.  

Results show that flat slopes, lower elevations and plots located close to markets 

tend to be deforested first. Also, the model is used to evaluate policy implications by 
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identifying areas of North Thailand under greater threat of deforestation and simulating the 

impacts of more roads. Whereas the former is examined by choosing those areas covered by 

forest with a predicted probability of deforestation greater than 0.5, the latter policy analysis 

is carried out by reducing by a fixed amount the impedance-weighted distance for all sample 

points.   

Müller and Zeller (2002) study geophysical, agro-ecological, and socio-economic 

determinants of land-use change in two districts of Dak Lak province in Vietnam. Satellite 

images for 1975, 1992, and 2000 are combined with socio-economic variables obtained from 

surveys and secondary data on climate and topographic variables to estimate a reduced-

form multinomial logit model. Results indicate that deforestation is higher over the period 

from 1975 to 1992 due to land-intensive agriculture expansion. Forest clearing, however, 

occurs at a lower rate after 1992 as a result of a significant intensification of agricultural 

production through the use of fertilizers and the adoption of irrigation technology.  

Finally, it should be mentioned that although this literature review has emphasized 

the description of spatially explicit and economic models of land-use change in tropical 

areas, similar and even more sophisticated models have been applied in non-tropical 

contexts. In the United States, one of the first econometric models used to predict forest 

acreage trends as a function of economic and demographic variables dates back to the mid-

1980s (Alig 1986). Since then, econometric models have been used over the last twenty five 

years to study land use decisions from an economic perspective. Econometric approaches 

have been used to study urban patterns, residential development, urban-rural interfaces 

(Bell and Irwin 2002, Irwin and Bockstael 2002, Irwin et al. 2003, Newburn and Berck 

2005). Models of land use have also been used to estimate the marginal costs of climate 

change using forest-based options (i.e., afforestation) through econometric analyses 

(Plantinga et al. 1999, Plantinga and Mauldin 2001, Lubowski et al. 2006a), or optimization 
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models in which forestry and agricultural sectors are spatially linked (Adams et al. 1996, 

Adams et al. 1999)  

2.2. Modeling Tropical Deforestation in Colombia  

Until the early 1900s, the Andean and Caribbean lowlands were the regions of 

Colombia where first human settlements were established, and where economic activity and 

forest clearing occurred (Etter et al. 2006b). During the 1900s, the population density of the 

Andean region increased significantly. In addition, tropical humid lowlands, inhabited by 

indigenous communities, experienced a high social pressure through state-oriented and 

spontaneous colonization. After the 1970s, people from the densely populated Andean 

region moved to the Amazon lowlands, Orinoco, and middle parts of the Magdalena river, 

leading to a significant increase of the deforestation (Etter et al. 2006b).   

Although tropical deforestation is considered among scientists and policy makers a 

crucial environmental problem since the early 1980s, few studies have been done in 

Colombia to examine the main drivers of the forest clearing process or calculate 

deforestation rates based on well-documented methodologies. In addition, little is known 

about land-cover changes in many ecosystems of Colombia (Etter et al. 2006c) and potential 

effects on their structure and composition. Landscape ecology greatly influenced most of the 

studies of deforestation in Colombia, which tend to analyze forest clearing at the landscape 

scale. However, deforestation studies at the regional level (10,000s km2) are scarce.  

One of the first studies (Viña and Cavelier 1999) estimates deforestation rates 

between 1938 and 1988 on the eastern foothills of the eastern Cordillera of the Andes. By 

using aerial photography taken in the 1930s, 1950s, 1960s, 1970s, and 1980s changes in 

the area of primary forest, secondary forest, and pasture are determined for a study site of 

270 km2. Although a mean annual deforestation rate of 1.5% is reported for the period 
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1938-1988, the conversion of forests occurred at a varying rate with a maximum value of 

4.4% between 1970 and 1980, in which a significant increase of population was also 

observed. The conversion of mature forest to pasture represents the dominant land cover 

transition. 

A multi-temporal analysis for a 56-year period − from 1940 to 1996 − is used to 

examine the patterns of land cover changes in two human-dominated landscapes located in 

the Bogotá highplain (Mendoza and Etter 2002). Aerial photography is the main source of 

information to identify land cover for 1940, 1964, 1988 and 1996 and examine temporal and 

spatial patterns. In both study sites, areas covered by forest remnants did not substantially 

changed. This finding may be explained by the location of forests in sites characterized by 

steep slopes and shallow soils, which are not favorable conditions for agricultural use. Rural 

communities of the two study areas seem to be aware of some ecological services (i.e., 

water regulation and aesthetics) provided by forests, which have also contributed to their 

conservation.  

A dynamic spatial analysis of unplanned deforestation in an area of colonization in 

the Colombian Amazon is characterized by using land cover change data from a multi-

temporal series of satellite images from 1989, 1996, 1999, and 2002 (Etter et al. 2006a).  

The study provides comparative analysis of spatial patterns of deforestation and regrowth. 

The maximum annual deforestation rate of about 49,000 ha is observed in the 1996-1999 

period while regrowth accounts for 9,000 ha. Also, the study reports an estimate of the 

speed of deforestation at the colonization perimeter, which seems to be moving at an 

average of 0.84 km per year during 1989-2002.  

The same multi-temporal series of satellite images of the study described above is 

used to estimate probabilities of deforestation and regeneration as a function of physical and 

economic factors (Etter et al. 2006b). Through logistic regression analysis the effects of soil 
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fertility, accessibility, and vegetation type of neighboring areas are examined. Accessibility is 

measured from a cost-distance map, which is derived from spatial data on rivers, roads, 

topography, and settlements. The cost-distance variable is calculated for roads, rivers, and 

flat terrain, based on impedance values assumed to be proportional to travel times. All 

variables examined were statistically significant (p-value<0.001) only for the deforestation 

model corresponding to the 1989-1996 period. For the whole analysis period from 1989 to 

2002, forests were cleared at an average annual rate of 2.4%. 

Six 50-100 km2 areas located in the lowlands of Colombia have been used to 

examine the hypothesis of multiple determinants of deforestation (Etter et al. 2006c). 

Explanatory variables for analysis units of different sizes (i.e., site, landscape, region, and 

country) are identified and incorporated in logistic regression models to estimate the 

probability of the transition of forest to non-forest (deforestation), as well as non-forest to 

forest (regrowth). While the potential influence of specific characteristics of a site on forest 

clearing is thought to be captured by soil fertility, the effect at the landscape level is 

examined through forest and secondary vegetation characteristics of neighbors. Finally, 

effects on deforestation at a greater spatial scale, such as a region, is analyzed by 

accessibility, measured through a cost-distance calculated for roads, rivers, and flat terrain, 

based on impedance values assumed to be proportional to travel times. Statistical models 

that include all the variables − soil fertility, forest and secondary vegetation characteristics 

of neighbors, and cost-distance − were shown to be better to predict deforestation 

compared to models that incorporate one or at most two of these variables.  

National and regional patterns of agricultural land use and deforestation in Colombia 

have been studied at a 2 km grid scale using logistic regression (Etter et al. 2006d). By 

constructing a potential ecosystem map and comparing it with observed ecosystems in 

1998, the forested areas of Colombia are obtained, and then a remnant forest ecosystem 
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map. Climate, slope, soil fertility, distance from roads, distance from towns, distance from 

rivers, and protected areas are used as explanatory variables of deforestation. Results 

indicate that at the national level, accessibility, measured as the distance from roads, towns, 

and rivers, is found to be an important driver of deforestation in Colombia. However, the 

significance of the variables related to accessibility varies if regional deforestation models 

are estimated. 

Patterns and causes of deforestation in six pilot areas and ten national parks of the 

Colombian Amazon have been examined by merging ecosystem information from satellite 

images with aggregated socio-economic data (Armenteras et al. 2006). Simple regression 

analysis indicates that total and rural population, total and rural population density, and the 

percentage of the area in pasture are the main determinants of ecosystem degradation. In 

contrast, violence levels and annual population growth do not seem to explain the human 

transformations of natural ecosystems. In addition, deforestation rates of 3.73 and 0.97% in 

two densely populated areas of the study site exceed the average value of 0.38% reported 

for the Latin American humid tropics by Achard et al. (2002).       

2.3 Summary 

Some general observations can be made about studies of LULCC, and more 

specifically deforestation, in tropical areas. First, conceptual economic models are drawn 

from von Thünen’s theory of land rent, which leads to the inclusion of market accessibility as 

an exogenous variable. Likewise, Ricardo´s theory of land rent is also considered by 

incorporating into the models attributes of the land such as slope and fertility. Second, 

modeling approaches tend to combine land cover information from remotely sensed 

imagery, explanatory variables obtained from geographic information systems, and 

aggregate socioeconomic data from national censuses. Third, most of the empirical studies 
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of LULCC use an analytical framework of discrete choice models. Finally, the results suggest 

that LULCC is a complex, dynamic, and highly context-dependent process, influenced by 

underlying economic, ecological, institutional and political factors. The main challenge in 

modeling LULCC is to find appropriate proxies to these underlying factors to be included in 

econometric models, which help to unveil spatial interactions and patterns of land-cover 

change.  

Some studies have examined the deforestation process in forested lands of 

Colombia (Armenteras et al. 2006, Etter et al. 2006a, Etter et al. 2006b, Etter et al. 2006c, 

Etter et al. 2006d). All of the studies, however, have focused on explaining forest clearing in 

tropical lowlands, using approaches from the discipline of landscape ecology, with little, if 

any, conceptual framework based explicitly on economic theory. In contrast, the present 

dissertation is intended to improve understanding of the factors determining deforestation in 

a mountainous region of Colombia, combining an economic model of deforestation, data-

processing techniques based on remote sensing, and econometric models.  

Studies of LULCC, and particularly deforestation, in tropical areas have helped 

identify some of the key drivers and improved our understanding of the dynamics of land-

cover change. But more research should be conducted in order to increase the 

understanding of the factors that influence LULCC and deforestation at regional and local 

levels. Although a definitive understanding of LULCC seems to be elusive as a result of a 

changing biophysical and economic contexts which influence land use and land cover 

(Munroe and Müller 2007), additional well-designed studies, better information, and 

innovative modeling approaches may help to identify general policy guidelines so that we 

may avoid, if possible, irreversible disruptions in coupled human-environment systems.  
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3. METHODS 

3.1 Conceptual Framework of Forest Clearing Decisions 

The conceptual framework of this dissertation is based on the economic theory of 

land use. In this theory, a landowner is assumed to be characterized by profit or utility 

maximizing behavior, leading him to choose the land use that yields the highest discounted 

net benefits. That is, land is allocated to the use yielding the highest net rent (Chomitz and 

Thomas 2003, Lubowski et al. 2006b). By considering, without loss of generality, only two 

land uses (e.g., forest and non-forest), forested land is cleared if the discounted net benefits 

minus the conversion costs from converting the land to an alternative use exceed the 

discounted net benefits from leaving the land under forest (Cropper et al. 2001, Lubowski et 

al. 2006a).  

Following Nelson and Hellerstetin (1997), if we assume that a given land use has a 

single marketed product, the net present value of the return to that land use, its net present 

rent  ( ulTR ), at time T can be expressed as: 
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where P is the output price, Q  is the quantity of output, C is a vector of input prices, X is 

a vector of inputs under operator control, and r is the discount rate, all for each land use 

u at location l at time t . Assuming that the landowner chooses the land use that provides 

the highest value for ulTR , parcel l is devoted to land use u if ulTR > jlTR for all uj ≠ (Alig 

and Plantinga 2007). This decision rule can be rewritten in a probabilistic framework by 
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assuming that not all factors influencing the net rent ulTR are observable (Alig and Plantinga 

2007). Unobservable factors affecting the net rent can be specified as an error term. If a 

distribution for the error term and a functional form for the component representing the 

observable factors of land use decisions are assumed, a statistical model can be estimated 

using discrete choice methods (Alig and Plantinga 2007). If land were already devoted to a 

specific use, its conversion to an alternative use would require the consideration of the 

respective conversion costs in the decision rule stated above.    

This comprehensive and general conceptual framework based on an economic 

rationale is consistent with the theoretical model of deforestation proposed by Cropper et al. 

(1999) to examine the decision of clearing forested land. Following Cropper et al. (1999) the 

amount of land cleared is determined by the interaction of the demand for and the supply of 

cleared land. The demand for cleared land ( CL ) is assumed to depend on its rental price 

( Cp ), the cost of labor ( l ) and capital ( k ), the price of agricultural output ( Ap ) and 

factors affecting agricultural production, such as soil quality ( Q ) and slope ( s ). The 

farmer’s static profit maximization problem can be written as: 
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where t represents transport cost, y is the production function for agricultural output, w is 

the wage rate, and r is the capital price. First-order conditions for the maximum in equation 

(2) yield a demand function for cleared land: 

 

                     ),,,,,,( sQprwtpfL CAC =                         (3) 

 



 

 

26 

which depends on the price of agricultural output, transport cost, the wage rate, the rental 

rate of capital, the rent on agricultural land, soil quality and slope. To obtain the aggregate 

demand for cleared land ( DC ), equation (3) is multiplied by the number of agricultural 

households ( N ) existing in a specific area, which are assumed to be identical:     

 

                      ),,,,,,( sQprwtpNLC CAC
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The supply function of cleared land is the inverse of the marginal cost of clearing 

function. The cost of clearing depends on input prices and physiographic factors such as 

slope. If some timber is harvested and sold, the cost of clearing is reduced by the amount of 

received revenues. That is, the cost of clearing is inversely related to the price of logs ( Lp ). 

Since clearing costs are influenced by accessibility of areas to be cleared, the road network 

may also affect the cost of clearing forested lands. The marginal cost of clearing function is 

given by: 
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where SC is the supply of cleared land and R  represents the length of the road network. 

The amount of land that is cleared in equilibrium is the value, C , that equates the 

supply of cleared land to the aggregate demand for it ( DS CC = ). The amount of cleared 

land and its rental price are determined by equations (4) and (5), which can be 

simultaneously estimated if land rent is observed. If not, as is generally the case in tropical 

countries, a reduced-form equation for the equilibrium of cleared land is estimated. Thus, 

cleared land should depend on the number of agricultural households ( N ), on ease of 
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access of land to markets ( t ), on soil quality ( Q ), agricultural prices ( Ap ), on the labor 

wage ( w ) and cost of capital ( r ), and on variables that affect the cost of clearing land − 

the extent of the road network ( R ), the price of logs ( Lp ), and slope ( s ). Finally, Cropper 

et al. (1999) provide a cleared land equation that can be expressed as: 

 

           ),,,,,,,,( spRrwpQtNCC LA=                          (6) 

  

By assembling various sources of information − topographic maps from the National 

Institute of Geography of Colombia, free access and international datasets − spatial explicit 

data were used in this dissertation to calculate the following variables related to the drivers 

of deforestation in equation (6): distance from main roads ( D ), distance from main rivers 

( d ), slope ( s ), a Gini´s index ( g ) to accounts for the concentration of land ownership, soil 

quality ( Q ), land in a protected status ( Pl ), and population density ( p ).  

All variables used to estimate the cleared land equation were selected after 

evaluating the reliability of the available information. Also, all the explanatory variables of 

deforestation were calculated using GIS as described below. The cleared land function 

estimated in this dissertation can be expressed as:    

 

                                           ),,,,,,(= plQgsdDCC P                                 (7) 
 
 

where distance from main roads ( D ) and rivers ( d ) influence transport costs ( t ) and were 

assumed to be proxies for input prices ( rw, ) and agricultural output ( Ap ). Also, population 

density ( p ) was considered a proxy for the number of agricultural households ( N ). 
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Although log prices ( Lp ) affect inversely clearing costs, they were not included in equation 

(7) due to the lack of reliable data at the spatial resolution used in this dissertation. All the 

variables in equation (7) are related to either market accessibility or agricultural suitability, 

which influence the net rents of alternative uses of forested lands.  

It could be argued that some endogeneity may exist in the general cleared land 

function defined by equation (6). Indeed, roads ( R ) and agricultural population ( N ) could 

be determined simultaneously with land use. However, in this dissertation a single reduced-

form equation of cleared land was estimated basically for two reasons. First, roads in 

tropical countries tend to be primarily built to connect remote towns rather than being 

routed through agricultural lands. This finding has been confirmed empirically by Mertens 

and Lambin (2000) in the Southern of Cameroon and is also valid for Antioquia, Colombia, 

as shown in the discussion chapter. Roads may then be correlated with population rather 

than agricultural land use, leading to potential multicollinearity instead of endogeneity. 

Statistical correlation between pairs of explanatory variables, however, was carefully 

checked using the procedure discussed below. Second, population density ( p ) was used as 

a proxy for agricultural population ( N ), which was calculated based on information 

obtained at the county level. As the area of a county is larger than any pixel size used as an 

analysis unit in this dissertation, population density may be considered as an exogenous 

variable. A similar assumption was made by Cropper et al (2001) in their study of 

deforestation in North Thailand. 

Some fundamental assumptions were made in the estimation of the forest clearing 

function represented by equation (7). First, the forest clearing equation is derived by 

assuming an equilibrium condition between the demand of and supply for cleared land. This 

assumption implies that observed land uses are optimal (Mertens et al. 2004), which may 

not be realistic if, for instance, landowners face imperfect information. Second, spatial 
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externalities are omitted so that decisions made in one place by an individual are not 

affected by decisions made in other places by other individuals. The first assumption could 

be relaxed by specifying a structural model of a market for cleared land with some sort of 

adjustment process. The second assumption, in turn, may be relaxed by identifying and 

measuring neighbors’ interactions, which is often considered to be a difficult task.   

The dependent variable of forest clearing was primarily obtained from aerial 

photography rather than from satellite images. Although satellite images are largely the only 

source of land-cover information for tropical areas, they may be limited in their ability to 

consistently distinguish land-cover types (Thenkabail et al. 2004, Etter et al. 2006b). In 

addition, satellite images may not be available for cloudy areas (Asner 2001), or be a source 

of potential biases in deforestation studies if proper corrections for cloud cover are not made 

(Butler and Moser 2007). The procedure used in the calculation of the forest clearing or 

deforestation variable is explained below. 

3.2 Study Area 

Colombia is located in the northwestern corner of South America between 12°26´46 

N, 4°13´30 S, 66°50´54 E and 79°02´33 W. The area of the country is 1.14 million km2 and 

its population is estimated to be almost 43 million people, based on the population census of 

2005. Although this surface represents less than 1% of the world´s land surface and has 

been heavily transformed by human activities (Etter and Wyngaarden 2000), it contains 

approximately 10% of the diversity of plants and animals on the planet. It is estimated that 

58.5% of the country´s surface corresponds to forests (FAO 2006). However, a national 

study of regional patterns of agricultural land use and deforestation concluded that about 

35% of the total land area of Colombia, excluding savannas and some Páramos, was highly 

transformed and cleared by 1998 (Etter et al. 2006d). From a geographical perspective, five 
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large ecological regions are well identified in Colombia (Etter et al. 2006d): Andes (278,000 

km2), Caribbean (115,400 km2), Pacific Coast (74,600 km2), the Colombian Amazon 

(455,000 km2), and Orinoco (169,200 km2).   

The study area is the Department of Antioquia (Figure 3.1) which comprises 62,000 

km2 (Gobernación-Antioquia et al. 2007) and has an estimated population of 5.7 million 

people (Poveda 2006a). Both area and population data represent 5.6 and 13.3 % of the 

national estimates, respectively. Antioquia has a broad range of climatic conditions, 

landscapes, and current land use, including plantations, primary and secondary tropical 

forests, agricultural, and urban land. Antioquia is geomorphologically rich in landscapes 

which may be described, from east to west, as follows (Hermelin 2006): alluvial valleys of 

the Magdalena river, plains and hills of the Bajo Cauca region, Central mountain range, 

valley of the Cauca river, Western mountain range, and alluvial plains of the Urabá region. 

The annual temperature in Antioquia ranges between 6.4 and 29.2 °C and the average 

annual precipitation is 2,920 mm (Poveda 2006b). 

3.3 Data and Variables 

3.3.1 Land Cover Data 

I model the deforestation in Antioquia, Colombia, between 1980 and 2000 using 

semi-fine (1:25,000) resolution land-cover data. Maps (~507) of land cover were provided 

by the Secretary of Agriculture of Antioquia. These maps were obtained through a rigorous 

interpretation process of aerial photography that took more than two years in the early 

1980s. Also, a ground truthing of the preliminary classification of land covers was carried 
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Figure 3.1. Location of Colombia and study area of the Department of Antioquia. 

out. Using ESRI ArcGISTM, version 9.2, (GIS9.2) all the maps were georeferenced with a root 

mean square error lower than 3, and then manually digitized.   

Maps were assembled to consolidate a digital file. The topology of this file was 

checked using ESRI ArcINFOTM, version 9.0, (INFO9.0) which permitted the elimination of 

double lines and small polygons, considered as involuntary mistakes during the digitization. 

The final digital map of land cover of 1980 consisted of ~26,700 polygons, representing a 

detailed classification of cover types such as well-defined and mixed categories of dense 

forests, forest plantations, temporary and perennial crops, pastures, and shrubs. Also, water 

bodies (i.e., rivers, marshes, lakes) were identified. The land cover map of 1980 was 

converted to raster map using INFO9.0.   

Land covers of Antioquia were updated through a contract of technical cooperation 

between the Secretary of Agriculture and the Planning Department of Antioquia with the 
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National Geographic Institute. This contract ended in December of 2007 and provided a 

digital map of land cover for Antioquia and for the year 2000, consisting of ~50,000 

polygons. This information was also used in this dissertation after checking the topology of 

the digital file using INFO9.0. The land cover map of 2000 was converted to raster map 

using INFO9.0, after partitioning the file in three parts due to the limitation of the software 

to handle a file containing a high number of polygons.  Comparisons between land cover 

maps of 1980 and 2000 allowed identification of land-cover changes, including specifically 

that from forest to non-forest. 

3.3.2 Explanatory Variables 

A rigorous analysis of the available data allowed calculation of digital information for 

the following variables: distance from main roads, distance from main rivers, slope, a Gini´s 

index to accounts for the concentration of land ownership, soil fertility, land in a protected 

status, and population density. Raster maps of the explanatory variables are presented in 

Appendix A. Explanatory variables were intended to represent the prevailing conditions in 

1980, the earliest date of land-cover data used in this dissertation. If some explanatory 

variables were not strictly calculated for the year 1980, the available information closest to 

this date was employed. 

Distance from roads and rivers. The main roads and rivers of Antioquia were 

manually digitized using GIS9.2 based on basic topographic maps (1:25,000 scale) of 1980 

from the National Geographic Institute. Secondary roads were excluded from the analysis 

because they may represent responses to deforestation rather than causes as suggested by 

Chomitz and Thomas (2003). Figures A.1 and A.2 in appendix A are raster maps defined as 

buffers to the main roads and rivers, which were calculated as Euclidean distances using the 

function distance of the ArcToolbox Spatial Analyst in GIS9.2. To account for accessibility to 



 

 

33 

markets, travel times may be more appropriate than linear distances. However, travel time 

information is not available and most of the studies of tropical deforestation use impedance-

weighted distances based on road type and slope (Mertens and Lambin 2000, Cropper et al. 

2001, Blackman et al. 2008). Moreover, there does not exist a clear rationale for the 

selection of weights (Deininger and Minten 2002). Proximity to roads and rivers are 

expected to reduce the marginal cost of clearing. Forest clearing, therefore, should correlate 

negatively with a decrease in the distance to roads and rivers. 

Slope. A digital elevation model, with a thirty-meters contour interval, from the 

Shuttle Radar Topography Mission conducted by NASA in the year 2000, was used to 

calculate a raster map of slope in degrees (Appendix A, Figure A.3) using the function 

surface analysis of the ArcToolbox Spatial Analyst in GIS9.2. Although the digital elevation 

model corresponds to the latest date of land-cover data used in this dissertation, it was 

considered appropriate for 1980 by assuming that significant changes of physical 

characteristics of the earth (i.e., slope) are not observed in a period of two decades. A 

flatter terrain is expected to be more suitable to agriculture uses because it is assumed that 

its natural fertility is higher compared to a steep terrain. A high level of fertility implies high 

productivity and, subsequently, greater revenues. In addition, a flat terrain reduces the 

marginal cost of clearing. Thus, it is hypothesized that the lower the slope of the terrain, the 

higher the deforestation.  

Gini. Land tenure concentration and agrarian structures have been found to be 

significant determinants of deforestation (Aguiar et al. 2007). For this study, fine-resolution 

data of land tenure or agrarian structures for Antioquia are not available. However, a Gini´s 

index, measuring the level of concentration of land ownership, was calculated for various 
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large regions of Antioquia (Mora and Muñoz 2006).7 The Gini’s index ranges from 0 to 1 with 

the upper limit indicating a high concentration of land ownership. That is, a considerable 

amount of land is owned by a few people, which seems to be the case in some rural areas 

of Antioquia. The digital file of the Gini´s index in vector format was first converted to 

coverage and then to raster map (Appendix A, Figure A.4) using the function polygrid of 

INFO9.0. Low concentration of rural land ownership and few off-farm jobs could represent 

more human pressure on the existing forests. In contrast, a high concentration of rural land 

ownership may induce more extensive agricultural uses such as pastures in tropical areas 

(Wassenaar et al. 2007, Coomes et al. 2008). Since part of the labor force available in rural 

areas will be hired by cattle ranchers, deforestation may be reduced due to low human 

pressure on existing forests. Therefore, the specific net effect of the Gini’s index on forest 

clearing is uncertain.  

Soil fertility. A digital map (1:25,000 scale) of soils of 1979 provided by the 

Secretary of Agriculture of Antioquia was used to derive soil fertility data as a categorical 

variable consisting of three classes: 1 for poor, 2 for low, and 3 for moderate fertility. 

Because some places in Antioquia were not sampled during the field work of the soil study 

of 1979, their information on fertility is missing from the digital soil map. For those places a 

string of no data was included in the original map. In addition, the highest level of reported 

fertility was moderate. However, tropical soils are of low inherent fertility. Only few places in 

Antioquia have high soil fertility. These places are generally located in alluvial plains where 

natural fertility is guaranteed through the deposition of nutrient-rich sediments provided by 

rivers. The digital file in vector format of the soil map was converted to raster map 

                                                 
 

7 Calculation of the Gini’s index was based on the formula ))((1 1
1
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i represents points with known cumulative percentages of area, iy , and number of landowners, in , 

respectively (Mora and Muñoz 2006). 
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(Appendix A, Figure A.5) in a similar fashion as for the Gini´s index. The lower the soil 

fertility, the less suitable is expected to be the land for agricultural uses and the lower the 

revenues as a result of a low productivity. However, forested lands may be cleared to 

establish subsistence agriculture during a short time period and then to pastures, which may 

require less fertile soils. Therefore, the specific net effect of soil fertility on forest clearing is 

uncertain.  

Protected area. National parks are deemed protected areas within the National 

System of Protected Areas and comprise almost 10% of the terrestrial surface of Colombia. 

There are three national parks − Nudo de Paramillo, Orquídeas, and Katíos − located in 

Antioquia. All of the parks were included in the National System of Protected Areas in the 

mid-1970s. A digital file in vector format containing all the national parks located in 

Antioquia was used to define a dummy variable for protected areas. The digital file of the 

national parks was converted to raster map (Appendix A, Figure A.6) following the same 

procedure as for the Gini´s index. The more protected the area, the lower the incentive to 

clear it. A clearing of a protected area may lead to potential lawsuits, which can be assumed 

to increase the marginal costs of clearing. Thus, forest clearing should correlate negatively 

with protected areas. 

Population density. Population density was obtained from a gridded population of 

the world, version 3.0, dataset (CIESIN-CIAT 2005) with a 2.5 arc minute − ~ 5-km at the 

equator − spatial resolution (Appendix A, Figure A.7). Although the source of population 

density was published in 2005, the most recent population date year for Colombia in the 

dataset corresponds to 1989, representing the likely population density for the early 1980s. 

An increase in population density may increase the demand for food and, subsequently, 

more land should be devoted to produce agricultural products. Population density may also 

affect the marginal cost of clearing by changing the amount and wage of rural workforce. In 
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Antioquia, rural population is significantly lower that the urban population. Thus it is 

expected that the effect of population density on demand dominates over the effect on rural 

wages. A priori, forest clearing then should correlate positively with an increase in 

population density.  

Table 3.1 presents a summary of the explanatory variables and their expected 

effects on deforestation. There are, however, other explanatory variables (e.g., government 

programs and individual motivations) that may influence the landowners’ decisions. 

Programs oriented to the production of oil from palm plantations are being promoted by the 

National Government and they might induce deforestation. Also, over the last decade, some 

individuals have started buying forested lands to create the reserves of the civil society and 

conserve these lands. However, government programs and individual motivations cannot be 

incorporated in this dissertation because of data limitations. 

 

Table 3.1. Summary of the expected correlation between each potential explanatory         
variable and deforestation. 

 
Variable 

 

 
Expected correlation 
with deforestation 

Distance from roads and rivers Negative (-) 
  

Slope Negative (-)   
  

Gini’s index Uncertain (?) 
  

Soil fertility Uncertain (?) 
  

Protected area Negative (-) 
  

Population density Positive (+) 
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3.4 Land-Cover Changes 

Land cover information for two different dates constitutes valuable information for a 

descriptive and comprehensive analysis of land-cover changes. This type of analysis has not 

been conducted before for the entire territory of Antioquia at a semi-fine scale. Although 

there exists information on land-cover changes for specific sites of Antioquia, general trends 

for broader areas are based largely on anecdotal evidence. Land covers of 1980 and 2000 

were grouped into broad land-cover categories. A total of seven categories were defined: 

dense forest (DF), mixed forest (MF) – secondary forest characterized by a discontinuous 

canopy and trees mixed with pasture or small woody vegetation, agriculture (A) – temporary 

and perennial crops, pastureland (P), forest plantations (FP), shrubland (S), and other land 

cover (OC) (i.e., water bodies, eroded soils, mining and urban areas). Changes in area for 

the broad land-cover categories were examined through a 7 x 7 matrix. The main diagonal 

of the matrix indicates areas that were kept in the same land cover during two different 

dates. For instance, areas covered by dense forests in 1980 which did not change to other 

land cover in 2000. In contrast, the numbers in cells located off the main diagonal of the 

matrix indicate the area that was in a specific land cover in 1980 and changed to other land 

cover in 2000. A transition probability matrix was also calculated by dividing each element of 

the area matrix by the row total.  

Finally, the annual rate of deforestation rate was calculated as (Puyravaud 2003): 

 

                                  
12

12 lnln
tt

AA
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−
−=                            (8) 

 

where 1A and 2A are the forest cover at time 1t and 2t , respectively. The rate of 

deforestation expresses the percentage of cleared forest per year.  
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3.5 Econometric Models of Deforestation 

There are three basic types of econometric land-use models (Alig and Plantinga 

2007): 1) aggregate data models (Alig 1986, Lichtenberg 1989, Stavins and Jaffe 1990, 

Parks and Murray 1994, Plantinga 1996, Hardie and Parks 1997, Plantinga et al. 1999), 2) 

plot-level data models (Lubowski et al. 2006a, Lewis and Plantinga 2007), and 3) spatially 

explicit data models (Lewis and Plantinga 2007). All of these empirical models of land-use 

allow for the testing of hypotheses (Plantinga and Irwin 2006) about factors explaining land 

use decisions. A spatially explicit data model was estimated in this dissertation and used to 

test the statistical significance and relative importance of key drivers of deforestation in 

Antioquia. A binary variable, indicating if a pixel covered by forest in 1980 continues or not 

with forest in 2000, was regressed on the set of explanatory variables described above as 

determinants of forest clearing per equation (7). The use of a binary dependent variable 

implies only two feasible forest conditions (forest and non-forest), which may suggest that 

forest regrowth will not be observed in the cleared land for a long time period (Mertens and 

Lambin 2000). This is a reasonable assumption because ecological studies show that it could 

take many decades for the composition of secondary forests to be similar to that 

characterizing mature forests (Finegan 1996). Dynamics of secondary forests are strongly 

influenced by the previous land use. This generally tends to be degraded land as a result of 

cattle farming over a long period of time. This is consistent with a linear trajectory of land-

cover change (Mertens and Lambin 2000) observed in tropical areas. Dense forests are 

converted to small subsistence agriculture, subsequently to pastures, and finally to degraded 

land.  

To construct the dependent variable, the digital file of polygons representing the 

forest cover in 1980 was overlaid with the digital file of polygons corresponding to non-

forest in 2000. The resulting file represents the observed deforestation over the period 
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1980-2000, which was then converted to raster format using INFO9.0. The calculation of 

deforestation excluded “cryptic” deforestation as defined by Asner et al. (2005) because 

practices of selective logging, which does not lead to the total loss of forest cover, could not 

be identified from the available information on land cover.  

All the seven variables described above were considered to be potential explanatory 

variables. Some explanatory variables, however, may be correlated. In the presence of 

multicollinearity, some regressors may be highly correlated (either positive or negatively) 

which implies redundant information. Also, multicollinearity does not enable to isolate the 

effect of a specific regressor on the probability of deforestation. This may not be consistent 

with the objective of this dissertation oriented fundamentally to identify the main 

determinants of deforestation and evaluate its relative impact. The correlation matrix for all 

of the seven variables was calculated and analyzed to examine the potential presence of 

multicollinearity.  

Spatially georeferenced micro-level data are likely to exhibit spatial dependence 

across observations either in the dependent variable or the error terms (Anselin 2002, Bell 

and Irwin 2002). Structural dependence may arise when deforestation decisions are 

influenced by neighbors’ deforestation decisions. Error spatial dependence, in turn, is 

generally derived from omitted variables which are spatially correlated (Bell and Irwin 2002). 

The identification and correction of structural dependence (spillover effects) in deforestation 

studies is a challenge. In addition, the error spatial dependence is complex because 

assumptions, which are generally not testable, about the spatial relationships among the 

errors are required. To deal with spatial dependencies and guarantee consistent and 

efficient parameter estimates in discrete choice models of deforestation, various approaches 

(e.g., generalized method of moments estimation, estimators obtained through statistical 

simulation) are available but they are computationally intensive (Bell and Irwin 2002, 
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Carrión-Flores and Irwin 2004, Fleming 2004). As a result, the available approaches are 

limited to small data sets (a few thousand observations).   

To control for spatial effects, this dissertation, as in other studies (Mertens and 

Lambin 2000, Cropper et al. 2001, Munroe et al. 2002), employed a sampling scheme to 

obtain sub-samples in which neighboring observations are not included (Anselin 1999). This 

is intended to ensure an independent error structure (Carrión-Flores and Irwin 2004) so that 

standard qualitative models can be used. To select a sample, the extension DNR Random 

Sampling Tools, version 2.4, was installed in the ESRI ArcViewTM, version 3.1 (VIEW3.1). 

This extension of the VIEW3.1 enables the random selection of points to be extracted from a 

digital file representing a specific geographic area. Samples of points were generated for the 

entire study area. Later, it was verified that the selected points were actually located in 

forest polygons in the land-cover map of 1980. Finally, it was ensured that the randomly 

selected points were separated from each other by a certain minimum distance. Five pixels 

were arbitrarily chosen as the minimum distance between two sample points (see Appendix 

B for a detailed protocol of the sample calculation).  

To examine how the model predicts deforestation at various scales, which may have 

implications for policy analysis to the extent that model accuracy varies, samples for specific 

pixel sizes were generated to evaluate the robustness of the econometric models to the pixel 

size or analysis unit. Samples for a pixel size of 30, 50, 100, 200, and 300 m were generated 

according to the general procedure described above and whose details are presented in 

Appendix B. The lower limit of 30 m for the samples is consistent with the spatial resolution 

of land-cover data obtained from satellite images. In turn, the upper limit of 300 m was set 

by the capabilities of the software, which was not able to convert the land-cover file for the 

year 2000 to raster format using a pixel size greater than 300 m.  

For all the final points in the samples, the value of the binary variable indicating 
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deforestation, as well as the values for all the potential exogenous variables, were calculated 

using GIS9.2 (see Appendix B). A Moran´s I test, available in the grid function of INFO9.0, 

was used to test the existence of spatial correlation − a measure of the relationship 

between distances and attributes of cells − in the dependent variable. The test was 

performed in the raster file of the variable deforestation in each sample to check for 

potential structural spatial dependence.  

The estimated econometric model is given by (Fleming 2004): 

 

                         iii xy εβ +=∗ ,  ),0(~ Ωε                                        (9) 

 
where *

iy is an unobserved latent variable, X  is an KN ×  matrix of regressors with 

individual row ix , β is a 1×K  parameter vector, iε is an stochastic error with zero mean 

and is the i th element in a vector ε , with variance-covariance matrix Ω=]'[ εεE . 

Although the latent dependent variable is not observed directly, an indicator of the latent 

variable is defined as: 

1=iy  if 0* ≥iy , 

                                               0=iy   otherwise                                     (10) 

 

For the empirical model in this dissertation, X includes the variables: distance from 

main roads, distance from main rivers, slope, a Gini´s index to accounts for the 

concentration of land ownership, soil fertility, land in a protected status, and population 

density. Econometric models were estimated using StataTM, version 9.1, and Spost9, which is 

one of the extensive suites of Stata utilities to interprete statistical results of categorical 
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regression models (Long 1997). Econometric models were also estimated in the statistical 

software R, version 2.5.1, to verify the results obtained in Stata.  

Although the percentage of correct within-sample predictions is a simple way to 

evaluate potential accuracy of a model performance (Kline et al. 2003), various criteria were 

also used to evaluate the econometric models. These criteria were: the log-likelihood value 

that is the estimate that maximizes the likelihood of observing the sample data, the adjusted 

R2 of McFadden, the Akaike Information Criterion (AIC) to compare models across different 

samples or non-nested models (Long 1997), the lowess graph and the area under the 

relative operating characteristic (ROC) curve (explained below). 

The lowess graph constitutes a useful tool to estimate and evaluate statistical 

models, and can be considered as a smoother function that fits simple models to subsets of 

the data. In this dissertation, the lowess graph was used to compare predicted probabilities 

to a moving average of the proportion of cases that were actually deforested (Long and 

Freese 2006). Using a graph of observed deforestation versus predicted values, the curve of 

the lowess regression was compared to a 45º line, which represents a perfect estimation. 

Thus, the closer the regression curve to the 45º line, the better the fit of the model (Long 

and Freese 2006). ROC curve is commonly used in signal detection theory and is also 

employed to display the discrimination accuracy of a diagnostic test in medicine (Faraggi 

and Reiser 2002). As an index of discrimination accuracy (Schneider and PontiusJr 2001), 

ROC curves were drawn for each econometric model of deforestation by assuming different 

thresholds for a positive outcome and plotting the proportion of true positives as a function 

of the proportion of false positives (Rossiter and Loza 2006).  

While high values of the log-likelihood, adjusted R2, and ROC are statistically 

desirable, the opposite is true for AIC values. A source code file written according to the 

syntax of the programming language of Stata is presented in Appendix C. The file describes 
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the commands used in the estimation and statistical evaluation of the econometric models.   

By applying the econometric model with the best statistical performance to the entire area 

covered by forests in 1980, deforestation probability surfaces were derived and compared to 

the map of observed deforestation between 1980 and 2000. A probability of deforestation 

was predicted for each pixel i using the following equation: 
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which represents the cumulative density function of a logit distribution. For the calculation of 

the deforestation probabilities, all of the raster files corresponding to the exogenous 

variables were re-sampled to a common size grid.  

Estimated probabilities of deforestation range from 0 to 1 and indicate the likelihood 

that a pixel will be deforested. A map showing the probability surface represented by the 

distribution of the estimated probabilities was generated. Some researchers, however, 

derive deterministic rules from the distribution of estimated probabilities (Lewis and 

Plantinga 2007). Thus, the selection of a cut-off is required to define a pixel as a deforested 

pixel. In addition to the map showing the estimated probabilities of deforestation, a cut-off 

of 0.5 was used in this dissertation to define a pixel as deforested, which is consistent with 

the work of Mertens and Lambin (2000) to account for deforestation, or the work of Cropper 

et al. (2001) to identify forested lands under greater threat of deforestation. To evaluate the 

impact of the cut-off selection, a value of 0.7 was also examined. A value of 0.7 was used 

by Etter et al. (2006d) to identify areas with a high probability of conversion in tropical 

forests of Colombia. Also, a similar cut-off for deforestation was used by Deinenger and 

Minten (2002) in their study of forest clearing in the Mexican states of Chiapas and Oaxaca.  
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4. RESULTS  

This chapter presents the main results of this dissertation. Results are divided in 

four sections. The first section describes the land-cover changes observed in Antioquia, 

Colombia, over a 20-year period. Results of econometric models of deforestation for samples 

corresponding to different pixel sizes are presented in section two. The third section 

provides additional econometric estimations of deforestation in which values based on 

proxies related to physical and climatic variables are assigned to no data observations of the 

soil fertility variable. Finally, the last section summarizes the main results of this dissertation.   

4.1 Land-Cover Changes 

Figure 4.1 shows broad classes of land cover for 1980. Extensive portions in the 

Northeast, North, Southwest, and Southeast of Antioquia were covered by dense forests in 

1980. In turn, mixed forests – secondary forest characterized by a discontinuous canopy and 

trees mixed with pasture or small woody vegetation − represent a small portion of the 

surface of Antioquia. Market-oriented agriculture – basically coffee and banana plantations – 

is largely located in the South, Southwest, and Northwest (Figure 4.1, orange color). 

Pastures, denoted by a yellow color in Figure 4.1, are a predominant land cover in rural 

landscapes located primarily in the Northwest, Northeast, Southeast, Center, and South of 

Antioquia. Forest plantations do not occupy a significant area and are established in specific 

sites in the North and South of Antioquia. Shrubland is found scattered across Antioquia and 

constitutes a not negligible land cover in Antioquia by 1980. 

Land-cover classes for 2000 are presented in Figure 4.2. Dense forests cover small 

tracts of land in the North, Northeast, and West of Antioquia (Figure 4.2, dark green color).  
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                          Figure 4.1. Broad land-cover classes in Antioquia, 1980. 

 

                         Figure 4.2. Broad land-cover classes in Antioquia, 2000. 
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Mixed forests occupy most of the areas originally covered by dense forests in 1980 (Figure 

4.2, light green color). Market-oriented agriculture is observed in the South, Southwest, 

Northwest, and Center of Antioquia (Figure 4.2, orange color). Pastures are a predominant 

land cover in the Northwest, Northeast, Southeast, Center, and South of Antioquia. In 

contrast, forest plantations continue to be a not significant land cover in terms of area in 

2000. Finally, shrubland is also observed in small areas of Antioquia.  

A comparison of land covers between 1980 and 2000 (Figures 4.1 and 4.2) reveals 

some interesting patterns and trends. Many of the original dense forests in the Northeast 

and West of Antioquia are classified as mixed forests by 2000. These mixed forests are 

ecologically characterized by exhibiting varying levels of successional stages. Also, dense 

forests were likely cleared to devote land to agriculture, pasture, or even to other land 

covers (i.e., urban use). By 2000, pastures – yellow color – continue to be a predominant 

land cover as indicated by Figure 4.2. An increase in the area in agriculture is also observed 

between 1980 and 2000 with newly patches located in the Central part and toward the East 

of Antioquia (Figure 4.2). Finally, a decrease in the shrubland area is also observed over a 

20-year period.  

Tables 4.1 and 4.2 show land-cover changes for Antioquia between 1980 and 2000 

in terms of area change and a transition probability matrix, respectively. Results indicate 

that only 347,110 ha of dense forests remained in 2000, compared to more than 2 million 

ha existing in 1980 (Table 4.1). That is, only 17% of the existing dense forests in 1980 

remained twenty years later (Table 4.2), indicating a low probability for a dense forest to be 

conserved and not being converted to alternative land uses. The annual rate of 

deforestation for Antioquia between 1980 and 2000, calculated using the equation (8) of the 

chapter three, was 1.04%. Between 1980 and 2000, 1,310,580 ha of dense forests were 

converted to mixed forests (Table 4.1), representing a transition probability of 0.64 (Table 
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Table 4.1. Land-cover changes in Antioquia, Colombia, 1980-2000 (1,000 ha).  

Land Cover, 2000  Land Cover, 1980 
Dense forest Mixed forest Agriculture Pastureland Forest plantations Shrubland Other land cover Total 

Dense forest 347.11 1,310.58 45.29 213.81 5.08 79.27 40.77 2,041.91 
Mixed forest     0.60      37.00   3.07   14.64 0.23        6.68             1.62      63.84 
Agriculture     2.28      46.99    169.69 126.48             1.63      15.30   8.05    370.42 
Pastureland   63.11    499.73    336.13   1,487.62           10.97    193.96           63.70 2,655.23 

Forest plantations    0.36     10.77  3.66  11.13           12.82        1.90   0.90      41.54 
Shrubland  28.24   275.30      96.05      322.15             2.78 97.81 46.37    868.71 

Other land cover    5.17     20.35  4.39   29.35             0.68  5.70           96.82    162.45 
Total      446.87     2,200.73    658.28    2,205.19           34.19    400.62         258.23 6,204.11 

Notes: Main diagonal values represent lands that did not change their cover between 1980 and 2000; off-diagonal values represent observed changes 
across land cover types between 1980 and 2000. Mixed forests are secondary forest characterized by a discontinuous canopy and trees mixed with 
pasture or small woody vegetation. Other land cover basically includes water bodies, eroded soils, mining and urban areas.   
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Table 4.2. Transition matrix for land-cover classes in Antioquia, 1980-2000. 

Land cover, 2000 Land cover, 1980 
Dense forest Mixed forest Agriculture Pastureland Forest plantations Shrubland Other land cover 

Dense forest 0.17 0.64 0.02 0.10 0.00 0.04 0.02 

Mixed forest 0.01 0.58 0.05 0.23 0.00 0.10 0.03 

Agriculture 0.01 0.13 0.46 0.34 0.00 0.04 0.02 

Pastureland 0.02 0.19 0.13 0.56 0.00 0.07 0.02 

Forest plantations 0.01 0.26 0.09 0.27 0.31 0.05 0.02 

Shrubland 0.03 0.32 0.11 0.37 0.00 0.11 0.05 

Other land cover 0.03 0.13 0.03 0.18 0.00 0.04 0.60 
Notes: Main diagonal values represent probabilities that a land cover will not change based on a 20-year period; off-diagonal values represent the 
probabilities of land-cover change based on 20-year period. Mixed forests are secondary forest characterized by a discontinuous canopy and trees 
mixed with pasture or small woody vegetation. Other land cover basically includes water bodies, eroded soils, mining and urban areas.   
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4.2). Also, dense forests are cleared to establish pastures with a probability of 0.10 (Table 

4.2). The likelihood that dense forests be converted to other land cover (e.g., agriculture, 

shrub, and urban use) is not greater than 4%. A transition from dense forests to forest 

plantations was not observed during the period of the study. Approximately 2,200,000 ha 

are covered by mixed forests in 2000, representing a significant increase compared to the 

area occupied by the same cover type in 1980 (Figure 4.3). Also, 213,810 ha of dense 

forests were cleared between 1980 and 2000 to devote the land to pastures (Tables 4.1). 

The area covered by pastures, however, decreased (Figure 4.3) 17% between 1980 and 

2000. About 500,000 ha covered by pastures in 1980 are covered by mixed forests in 2000, 

suggesting a natural recovery of the forest cover.  
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Figure 4.3. Area (1,000 ha) for different land covers in Antioquia, Colombia, and for two 
years: 1980 and 2000. DF: dense forest; MF: mixed forest; A: agriculture; P: pastureland; 
FP: forest plantations; S: shrubland; OC: other land cover. 
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The share of agricultural land increased (Figure 4.3) by about 78%. Land tends to 

be dynamically interchanged between agriculture and pasture uses. While 126,480 ha used 

in agriculture in 1980 were converted to pastures twenty years later, 336,130 ha were 

converted in the opposite transition. That is, the land converted to agriculture is about 2.7 

times greater that the land converted to pastures. Forest plantations represent less than 1% 

of the surface of Antioquia and the trend suggests a decline in the area covered by this 

vegetation type over the period 1980-2000. The area covered by shrubs or small woody 

vegetation decreased by changing from 868,710 to 400,620 ha between 1980 and 2000. 

Most of the change (~68%) corresponded to the transition from shrub to pastures. The area 

covered by other land cover increased (Figure 4.3) in about 37% over a 20-year period. It is 

likely to believe that most of this change is related to a greater land share in urban uses.  

4.2 Econometric Modeling of Deforestation 

Figure 4.4 shows the observed deforestation in Antioquia between 1980 and 2000. 

Although deforestation occurred throughout the study area, forest clearing was markedly 

more explicit in the Northeast, Southeast, part of the Northwest, and West of Antioquia. In 

the first three regions, dense forests were not primarily cleared to establish market-oriented 

agriculture as shown in Figure 4.2; in those regions small-farm agriculture tended to be the 

predominant use of land after the clearing of the forest. In the West of Antioquia, both high 

precipitation and lack of roads may be considered as constraints for agricultural uses of the 

land. Forests, however, are constantly cleared to provide income to black and indigenous 

people who reside in this part of the territory of Antioquia. By comparing the map of 

observed deforestation in Antioquia (Figure 4.4) with maps of potential explanatory 

variables, forest clearing appears to be largely influenced by the existence of roads 
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(Appendix A, Figure A.1). Also, flat sites, or with poor or low soil fertility, or not legally 

protected, tend to be deforested first. 

 

 

Figure 4.4. Observed deforestation in Antioquia, Colombia, between 1980 and 2000. Pixel 
size of 30 m. Names on the map are planning regions as defined by governmental 
institutions of Antioquia. 

A summary of the mean and standard deviation for each potential explanatory 

variable and for each pixel size is presented in Table 4.3. Moran’s I test of spatial 

autocorrelation indicated that the samples for all the pixel sizes did not exhibit structural 

spatial dependence. The potential correlation between pairs of explanatory variables was 

examined by calculating the respective Pearson correlation coefficient. The value of the 

Pearson correlation coefficient was not greater than 0.6. 
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Table 4.3. Statistical summary of the explanatory variables for the samples used to model deforestation in Antioquia, Colombia, 1980-
2000.  

Pixel size (m) 

30   50   100   200   300 Variable 
  

Mean Standard 
deviation 

  Mean Standard 
deviation 

  Mean Standard 
deviation 

  Mean Standard 
deviation 

  Mean Standard 
deviation 

Distance 
from roads 

(km) 
14.74 13.75  14.66 13.74  14.94 13.96  13.86 13.41  12.76 12.49 

Distance 
from rivers 

(km) 
27.22 14.73  27.08 15.05  26.63 15.12  27.31 15.02  27.46 15.35 

 
Slope 

(degrees) 
16.42 11.28  16.09 11.22  14.03 10.36  11.30  9.09    9.51  8.10 

 
Gini 

 
  0.70   0.05    0.70  0.05   0.70 0.05   0.70  0.05  0.70  0.05 

 
Soil 

fertility 
  2.05   0.70    2.01  0.70   2.04 0.70   1.99  0.71  1.94  0.71 

 
Protected area 

 
  0.09   0.29    0.10  0.30   0.10 0.30   0.09  0.29  0.06        0.24 

Population 
Density 

(#/sq km) 
31.24 230.44  22.01   112.64  21.50   103.19  24.46   153.25  27.08    165.14 

Notes: soil fertility is a categorical variable: 1=poor, 2=low, 3=moderate; protected area dummy = 1 if a pixel lay in a protected area. 
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Table 4.4 shows the econometric results for the logit models of deforestation 

estimated using Stata (see estimation procedure in Appendix C), as well as elasticity for 

each parameter. The sample size was intended to be similar for all econometric models. All 

of the models are statistically significant as indicated by their high values of the likelihood 

ratio tests, whose statistic is distributed as a chi-square. The likelihood ratio chi-square, 

however, decreases as the pixel size increases (Table 4.4). The value of the likelikood ratio 

chi-square decreases 46% by increasing the spatial analysis unit by a factor of ten and 

changing the size from 30 to 300 m. 

Although log-likelihood functions are not strictly comparable because the 

econometric models are not nested some facts are interesting. Likelihood-functions, 

evaluated at the estimated parameters, have roughly similar values for all models and do 

not exhibit a distinguishable pattern as pixel size varies from 30 to 300 m. A discernable 

pattern is also absent from values for the Akaike Information Criterion. Although the areas 

under the ROC curves suggest satisfactory levels of discrimination ability for each model, the 

highest value (0.81) for this criterion corresponds to the econometric model with the finest 

spatial resolution. The ROC curve for the 30 m pixel size deforestation model is shown in 

Appendix D, Figure D.1.  

The R2, suggested by McFadden as a measure of explained variation in models 

estimated through maximum likelihood procedures, decreases as pixel size becomes greater 

(Table 4.4). A model estimated with a 30 m pixel size has the highest R2. Analyses of the 

lowess graph also suggest that the deforestation model corresponding to the finest spatial 

resolution seems to be the better from a statistical point of view. The lowess graph for the 

30 m pixel size tends to be a smooth curve very close to the diagonal line (Appendix D, 

Figure D.2), indicating a good fit of the model. In contrast, the lowess graph for the 300 m 

pixel size (Appendix D, Figure D.3) tends to be more separated from the diagonal line for  
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Table 4.4. Econometric results of the deforestation logit model for Antioquia, Colombia, 1980-2000. 

Pixel size (m) 

30   50   100   200   300 
Variable 

  
Parameter Elasticity   Parameter Elasticity   Parameter Elasticity   Parameter Elasticity   Parameter Elasticity 

-6.3E-05*** -0.472  -5.9E-05*** -0.451  -5.0E-05*** -0.400  -4.3E-05*** -0.318  -4.1E-05*** -0.192 Distance 
from roads (4.5E-06) (0.040)  (4.2E-06) (0.036)  (4.6E-06) (0.040)  (4.2E-06) (0.033)  (4.4E-06) (0.022) 

9.8E-07 0.013  4.7E-07 0.007  -6.3E-06 -0.090  -8.9E-07 -0.013  -3.8E-06 -0.038 Distance 
from rivers (4.0E-06) (0.054)  (3.8E-06) (0.054)  (4.1E-06) (0.058)  (3.7E-06) (0.055)  (3.8E-06) (0.039) 

-0.058*** -0.479  -0.058*** -0.495  -0.061*** -0.455  -0.061*** -0.371  -0.047*** -0.166 
Slope 

(0.005) (0.045)  (0.005) (0.043)  (0.006) (0.045)  (0.006) (0.038)  (0.007) (0.023) 

-3.232** -1.144  -2.228* -0.824  -1.084 -0.405  -2.183* -0.825  -1.689* -0.441 
Gini 

(1.15) (0.411)  (1.12) (0.416)  (1.22) (0.454)  (1.10) (0.418)  (1.14) (0.300) 

0.644*** 0.237  0.368** 0.146  0.368** 0.143  0.241* 0.098  0.355** 0.103 Soil 
fertility (0.12) (0.044)  (0.12) (0.046)  (0.12) (0.049)  (0.12) (0.049)  (0.13) (0.036) 

-2.697*** -0.123  -2.568*** -0.133  -1.828*** -0.094  -2.415*** -0.116  -2.484*** -0.058 Protected 
area (0.43) (0.022)  (0.40) ( 0.023)  (0.36) (0.020)  (0.40) (0.021)  (0.38) (0.010) 

0.0086** 0.135  0.0083** 0.097  0.0274*** 0.313  0.0099*** 0.130  0.0094** 0.094 Population 
density (2.9E-03) (0.043)  (2.6E-03) (0.030)  (4.2E-03) (0.045)  (2.9E-03) (0.036)  (3.2E-03) (0.030) 

3.623***   3.046***   1.727*   2.490***   2.410***  
Constant 

(0.78)   (0.76)   (0.82)   (0.75)   (0.78)  
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Table 4.4. (Continued).  

Pixel size (m) Statistic 
30 50 100 200 300 

Likelihood ratio 2χ  770.7 740.6 616.2 502.3 417.0 

N 2486 2542 2191 2310 2207 

Log-likelihood -1337.6 -1391.5 -1206.2 -1348.5 -1263.9 

AIC 2691.1 2799.0 2428.4 2713.1 2543.8 

ROC 0.812 0.802 0.799 0.764 0.744 

R2-McFadden 0.220 0.206 0.198 0.152 0.136 

Notes: soil fertility dummy = 1 if soil fertility is poor or low; * p<0.05, ** p<0.01, *** p<0.001; values in parentheses below coefficients are standard 
errors.  Elasticity values are calculated at the mean values of the explanatory variables. Most of the elasticity values are statistically significant at least 
at the 0.05 level, except for the variable distance from rivers for all models and Gini’s index for 100 and 300 pixel size models. 
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high (> 0.8) values of predicted probabilities, compared to the the lowess graph for the 

30 m pixel size.  

The parameter signs of the variables distance from roads, slope, protected area, 

and population density are as expected a priori. The Gini’s index in this study was 

negatively correlated with forest clearing (Table 4.4). The parameter of the Gini’s index, 

however, had the highest standard error. This inaccuracy may be related to the spatial 

resolution of the Gini variable because it was measured at the region-level. Soil fertility, 

included as a dummy variable with value equal to 1 for a poor or low fertility, was 

positively correlated with deforestation (Table 4.4). The parameter of distance from 

rivers is not statistically different from zero and is very small in magnitude for all models. 

According to the magnitude of the parameter estimates, the most crucial determinants 

of the probability of deforestation in Antioquia are Gini´s index, protected area, and soil 

fertility.  

The impact of changes in these variables on the clearing probability is shown in 

Figures 4.5, 4.6, and 4.7, respectively, when all other variables are held at their mean 

values for observations corresponding to forest areas, rather than mean values for all 

observations in the sample. A Gini’s index greater than 0.6 predicts a forest clearing 

probability lower than 0.35, all else held constant (Figure 4.5). A protected area has 

almost a zero probability of being cleared, all else held constant (Figure 4.6). A poor or 

low soil fertility forest site has 60% higher probability of being cleared compared to a 

moderate or high soil fertility forest site, all else held constant (Figure 4.7).     

Parameters with the lowest magnitudes are associated with distance from main 

roads and rivers, which are to be proxies for accessibility to markets. The impact of 

changes in the distance from roads on the clearing probability is shown in Figure 4.8, 

when all other variables are held at their mean values for observations corresponding to 

forest areas. Forest areas located 10 km from roads will have about 42% chance of  
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Figure 4.5. Impact of Gini’s index on clearing probability. All other variables are held at 
their mean values for observations in forest areas. Pixel size of 30 m. 
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Figure 4.6. Impact of protected area on clearing probability. All other variables are held 
at their mean values for observations in forest areas. Pixel size of 30 m. 
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Figure 4.7. Impact of soil fertility on clearing probability. All other variables are held at 
their mean values for observations in forest areas. Pixel size of 30 m. 
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Figure 4.8. Impact of distance from roads on clearing probability. All other variables are 
held at their mean values for observations in forest areas. Pixel size of 30 m. 
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being cleared; the clearing probability decreases significantly and is equal to about 7% if 

the forest is located 45 km farther from main roads (Figure 4.8).  

Analyses of elasticities rather than the magnitude of the parameter estimates 

indicate that the most important factors affecting deforestation probabilities in Antioquia 

are the Gini’s index, slope, and distance from roads. The elasticity for the Gini’s index, 

calculated at the mean values of the explanatory variables, was -1.144. This indicates 

that a 10% rise in the concentration of land ownership would represent a roughly 11.4% 

decrease in forest clearing, holding all other variables constant. The elasticities for slope 

and distance from roads, calculated at the mean values of the explanatory variables, 

were -0.479 and -0.472, respectively. This indicates that a 10% rise either in the slope 

or in the distance from roads would represent a roughly 4.7% decrease in forest 

clearing, holding all other variables constant.  

By considering global and coefficient significance, as well as values of some 

statistics – fundamentally area under the ROC curve and R2 – the 30 m pixel size model 

seems to be statistically the most appropriate to explain the observed deforestation in 

Antioquia between 1980 and 2000. This result is perfectly consistent with the formulated 

hypothesis that land cover information from aerial photography may be more adequate 

to elucidate the influence of economic and demographic determinants of deforestation. 

Figure 4.9 shows the effects of changes − from minimum to maximum value, 

mean ± ½, and mean ± (½) standard deviation − in values of the explanatory variables 

on clearing probability. All of the examined changes for the variables distance from 

roads, slope, Gini’s index, and protected area decrease the probability of clearing; the 

greater reduction on the clearing probability corresponds to the change from the 

minimum to the maximum value for the variables distance from roads and slope (Figure 

4.9). All of the evaluated changes in population density and the dummy variable of soil 

fertility lead to a positive change on the clearing probability; the greater increase 

corresponds to changes in population density (Figure 4.9).  



 

 

60 

Explanatory variable

Distance Slope Gini Fertility Protected Population

C
ha

ng
e 

in
 t

he
 p

ro
ba

bi
lit

y 
of

 c
le

ar
in

g

-0.8

-0.6

-0.4

-0.2

0.0

0.2

0.4

0.6

0.8

min to max 
mean ± 1/2 
mean ± (1/2) sd 

 

Figure 4.9. Effects of changes in values of the explanatory variables on the probability of 
clearing. Pixel size of 30 m. 

The 30 m pixel size model is employed to obtain a distribution of estimated 

probabilities of deforestation represented by a continuous probability surface for the 

area covered by forest in 1980 (Figure 4.10). The model predicts higher deforestation 

probabilities – red color – in sites located in the Northeast (Appendix E, Figure E.1), 

Southeast (Appendix E, Figure E.2), and part of the Northwest (Appendix E, Figure E.3) 

of Antioquia, where deforestation actually occurred. The model predicts low probabilities 

of deforestation – green color – in the West of Antioquia (Appendix E, Figure E.4), which 

is a remote area with a low road density (see Appendix A, Figure A.1) where most of the 

transportation of people – black and indigenous – and commodities are only possible 

through rivers such as the Atrato river (Appendix A, Figure A.2). The model seems to be 

inaccurate because it is not capturing the observed deforestation in this part of the study 

area (Figure 4.4). One of the reasons for this inaccuracy of the model may be due to the 

fact that some places in the West were not surveyed during the field work of the soil 
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study in 1979. That is, these places do not have data for the soil fertility variable (see 

Appendix A, Figure A.5). 

 

 

Figure 4.10. Probability surface of deforestation and main roads in Antioquia, Colombia, 
1980-2000. Pixel size of 30 m. The white rectangle on the east side of the map 
represents oil fields where soil sampling was not allowed in 1979. 

The econometric model of deforestation assigns to each pixel a probability 

ranging from 0 to 1. Some researchers define an arbitrary threshold to determine the 

probability value beyond which a realization of a random variable is expected to indicate 

a deterministic outcome. In the case of deforestation studies, researchers have generally 

used a cut-off of 0.5 (Mertens and Lambin 2000), indicating that a pixel will have a 50% 

probability of being deforested. If it is assumed that deforestation will occur in places 

with a probability equal or greater than 0.5, the deforestation surface shown in Figure 

4.11 is generated.  

By assuming a threshold of 0.5 to define with certainty the occurrence of forest 

clearing, the probability surface in Figure 4.11 tends to overestimate the amount of 

observed deforestation (Figure 4.4). The map becomes excessively red in most of the 
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sites that were covered by forest in 1980. To evaluate the effect of the cut-off, a new 

value of 0.7 was selected, based on previous studies of deforestation in Colombia (Etter 

et al. 2006d) and Mexico (Deininger and Minten 2002), and a new probability surface 

was generated (Figure 4.12). This seems to predict the spatial location of deforestation 

much closer to the actual observed deforestation (Figure 4.4). 

 

 

 

Figure 4.11. Probability surface of deforestation in Antioquia, Colombia, 1980-2000, 
assuming a threshold of probability of 0.5 for the occurrence of forest clearing. Pixel size 
of 30 m. Names on the map are planning regions as defined by governmental 
institutions of Antioquia. The white rectangle on the east side of the map represents oil 
fields where soil sampling was not allowed in 1979. 
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Figure 4.12. Probability surface of deforestation in Antioquia, Colombia, 1980-2000, 
assuming a threshold of probability of 0.7 for the occurrence of forest clearing. Pixel size 
of 30 m. Names on the map are planning regions as defined by governmental 
institutions of Antioquia. The white rectangle on the east side of the map represents oil 
fields where soil sampling was not allowed in 1979.  

4.3 Modeling Deforestation with Assigned Values to no data Observations of 
the Soil Fertility Variable 

By assuming that topographic conditions and climate influence soil fertility, 

geomorphological attributes (e.g., mountain, hill, alluvial plain, and alluvial valley) and 

climate type (e.g., warm, temperate, cold) were used to assign values of fertility 

levels – poor, low, or moderate – to no data observations of the soil digital file on a 

judgemental basis. Based on climate and soil maps of Antioquia, poor and low fertility 

designations were roughly assigned to most of the sites with missing values of this soil 

characteristic. Also, moderate fertility was roughly assigned to sites located in alluvial 

plains or alluvial valleys with warm climate. An econometric model of 30 m spatial 

resolution was fitted with updated information of fertility level for no data observations, 

and results were compared to the estimation for the same spatial resolution without no 

data observation update (Table 4.5).   
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Table 4.5. Econometric results for the deforestation logit model for Antioquia, Colombia,   
1980-2000, with assigned values to no data observations of soil fertility. Model: 30 m 
pixel size. 

Model A  Model B 
Variable 

Parameter Elasticity  Parameter Elasticity 

-6.3E-05*** -0.472  -3.4E-05*** -0.268 Distance from  
roads (4.5E-06) (0.040)  (2.9E-06) (0.027) 

9.8E-07 0.013  3.1E-06 0.036 Distance from 
rivers (4.0E-06) (0.054)  (3.7E-06) (0.043) 

-0.058*** -0.479  -0.052*** -0.347 
Slope 

(0.005) (0.045)  (0.005) (0.034) 

-3.232** -1.144  -4.40*** -1.368 
Gini 

(1.15) (0.411)  (1.14) (0.362) 

0.644*** 0.237  0.528*** 0.174 Soil  
fertility (0.12) (0.044)  (0.10) (0.035) 

-2.697*** -0.123  -2.900*** -0.102 Protected  
area (0.43) (0.022)  (0.39) (0.016) 

0.0086** 0.135  0.026*** 0.280 Population 
density (2.9E-03) (0.043)  (3.9E-03) (0.038) 

3.623***   3.813***  
Constant 

(0.78)   (0.78)  

Statistic      

Likelihood- ratio 2χ  770.7  673.3 

N 2486  2713 

Log-likelihood -1337.6  -1541.6 

AIC 2691.1  3099.2 

ROC 0.812  0.769 

R2-McFadden 0.224  0.175 

Notes: Model A without assigned values to no data observations of soil fertility; Model B       
with assigned values to no data observations of soil fertility; soil fertility dummy = 1 if     
soil fertility is poor or low. Values in parentheses below coefficients are standard errors.               
** p<0.01; *** p<0.001. Elasticity values are calculated at the mean values of the     
explanatory variables and are statistically significant at the 0.001 level, except for the 
variable distance from rivers.   

 

All of the parameter estimates of the model with assigned values to no data 

observations are statistically significant (p<0.001) and their magnitudes, except for the 

distance from roads and population density variables, are roughly similar to those 

obtained for the model without no data observations update (Table 4.5). The parameter 

of distance from rivers was not statistically different from zero. Areas under the ROC 
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curve (0.77 vs. 0.81) and R 2 (0.18 vs. 0.22) of the model with assigned values to no 

data of soil fertility are slightly lower than the respective values of the model without 

assigned values.  

The estimated model with assigned values to no data of soil fertility was used to 

generate a continuous probability surface as shown in Figure 4.13. This figure shows 

that deforestation probabilities are now assigned to sites located in the Far West of 

Antioquia. This was not possible – white areas of the Far West in Figure 4.10 – using 

models estimated after excluding no data observations for soil fertility. Thus, the model 

with assigned values to no data observations of soil fertility allowed prediction of 

deforestation in those sites that did not have fertility information. This information may 

be useful to inform land use policy for all Antioquia without additional soil surveys.   

 

 

 

Figure 4.13. Probability surface of deforestation in Antioquia, Colombia, 1980-2000, with 
assigned values to no data observations of soil fertility. Pixel size of 30 m. The white 
rectangle on the east side of the map represents oil fields where soil sampling was not 
allowed in 1979. 
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The model assigns higher probabilities – red color – to pixels located in the 

Northeast (Appendix F, Figure F.1), Southeast (Appendix F, Figure F.2), and part of the 

Northwest (Appendix F, Figure F.3) of Antioquia, where deforestation was actually  

observed. In addition, the model with assigned values to no data tends to predict 

medium probabilities of deforestation in the West of Antioquia (Appendix F, Figure F.4), 

capturing much better the forest clearing process as compared with the deforestation 

model without assigned values to no data observations of soil fertility (Appendix E, 

Figure E.4). 

4.4 Summary 

Rural landscapes of Antioquia have experienced a substantial transformation as 

a result of economic and demographic drivers. Natural forests do not seem to provide a 

present discounted value of net returns high enough to compensate that obtained by  

devoting the land to alternative uses such as pastures. As there are no economic 

incentives to keep the land under forests, they tend to disappear. Between 1980 and 

2000, 64% of the original forest changed to mixed forests – secondary forest 

characterized by a discontinuous canopy and trees mixed with pasture or small woody 

vegetation. Another 10% of the area covered by forest in 1980 was converted to 

pastures.  

An econometric model in which explanatory variables assumed to be proxies for 

the factors affecting both the demand for and supply of forest clearing was estimated. 

The best econometric model corresponded to the finest spatial resolution −30 m pixel 

size. Based on the magnitudes of the parameter estimates, results suggest that the main 

drivers of deforestation in Antioquia, Colombia, are the Gini’s index of ownership 

concentration, protected area, and soil fertility. Elasticities for these variables, calculated 

at the mean values of the explanatory variables, were -1.144, -0.123, and 0.237, 

respectively. The parameter estimate of the Gini’s index was not estimated as accurately 
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as for the remaining explanatory variables. One reason for this result is that Gini’s index 

was measured at the regional level. The level of aggregation in the measurement of the 

variable may be influencing the standard error of the Gini’s parameter. Finally, the 

parameter of distance from rivers was not statistically significant from zero and was very 

small (almost zero) in terms of magnitude. 

The analysis of the elasticity values, however, suggests that Gini’s index, slope, 

and distance from roads are the main factors affecting forest clearing in Antioquia during 

the period of the study. The elasticity analysis, therefore, provides a different 

perspective for the interpretation of the results of this study. For instance, although 

distance from roads had the lowest parameter estimate in terms of magnitude, its 

elasticity of -0.472 was the third in value after Gini’s index and slope.  

The 30 m pixel size econometric model was used to estimate probabilities and 

represent them as a probability surface of deforestation. Although the probability surface 

tended to show a high probability for most of the sites where deforestation was actually 

observed, the model does not seem to capture the drivers of deforestation in the Far 

West of Antioquia. For most of this part of Antioquia, however, the model, did not 

predict deforestation probabilities due to the lack of soil information. Values, based on 

topographic attributes and climate, were then assigned to no data observations of the 

soil fertility variable. As a result, low and medium probabilities of deforestation were 

predicted for the Far West of Antioquia where deforestation was actually observed. The 

30 m pixel size deforestation model tended to more correctly predict the location of 

observed deforestation in Antioquia between 1980 and 2000, when a threshold of 

probability of 0.7 was assumed to indicate the certainty occurrence of forest clearing 

compared to a threshold of 0.5.  

 



 

 

68 

5. DISCUSSION  

This chapter discusses the results of this dissertation. The first section examines 

the results of the land-cover changes observed in Antioquia, Colombia, between 1980 

and 2000. Results of the econometric models of deforestation for Antioquia are analyzed 

in the section two. The third section evaluates the results of the econometric models of 

deforestation after imputing, based on geomorphological attributes and climate, values 

to the no data observations of the soil fertility variable. The fourth section illustrates how 

the estimated deforestation model can be used to provide information to policy makers 

by examining: i) the simulation of the building of new roads and its potential effects on 

the amount and location of deforestation, thereby contributing to increase the ability of 

policy makers to understand and mitigate potential ecological impacts of new proposed 

road networks; ii) the identification of lands still covered by forest but that may be under 

greater threat of clearing; these places would be a target for the implementation of 

economic and policy tools (e.g., taxes and subsidies, land-use zoning) intended to 

reduce the occurrence of deforestation in the future.  

5.1 Land-Cover Changes  

Dense forests substantially decreased in Antioquia, Colombia, between 1980 and 

2000. Most of these forests were located in remote areas of Antioquia – Far East and 

West – where access to them was facilitated by the existing road or river networks. 

During the period of the study, main roads of significant length were not built in 

Antioquia. However, the construction of roads, as that connecting Cáceres with Zaragoza 

in the Northeast of Antioquia, may have improved the accessibility conditions to forested 

areas and shifted the profitability of the land toward alternatives land uses such as 

agriculture or cattle farming.  
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Although deforestation occurred throughout the study area, four regions in 

particular – Northeast, Southeast, Northwest, and Far West – may be identified as 

deforestation hotspots due to the magnitude of the observed forest clearing. The 

Northeast of Antioquia is characterized by an economy based traditionally on mining 

activities, predominantly gold production. The search for gold has induced significant 

population fluxes to the region. The few roads built over the last decade – particularly 

the road that connects Cáceres with Zaragoza of ~70 km – have likely contributed to 

increase the number of newcomers to the region.  

New population derives income from the harvesting of valuable woods existing 

on the natural forests using technology relatively primitive. When the market price for 

some hardwoods is high, it is profitable to transport them to Medellín, the Antioquia´s 

capital. The dynamic occupation of the region characterized by periodic colonization 

waves has, however, led to the degradation or conversion of natural forest ecosystems. 

Also, subsistence farming systems and pastures are established in many of the areas 

previously covered by forests. Cattle farming rather than market-oriented crop tends to 

be the prevailing economic activity in the Northeast of Antioquia (Figure 4.2). This 

finding is consistent with the generalized pattern of extensive grazing observed across all 

regions in Colombia (Etter et al. 2006d).   

A high deforestation was also observed in the Southeast of Antioquia (Figure 

4.4). Although this region of Antioquia is characterized by a human-dominated land 

cover, much of it agriculture, forests occupied a significant portion of the region in 1980 

(Figure 4.1). Forests were, however, cleared and converted to secondary forests (Figure 

4.2) and subsistence agriculture. The harvesting and logging of valuable woods from 

natural forests have been speeded up since the building in the early-1970s of the 

highway that connects Medellin, the Antioquia´s capital, with Santafé de Bogotá, the 

country´s capital.  
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The Far West of Antioquia is located contiguous to the Pacific region of Colombia 

and is predominantly inhabited by black people and indigenous communities. Both ethnic 

groups have well-defined and collective rights over land as recognized by national laws.  

Climatic conditions (i.e., high precipitation) in the Far West of Antioquia do not appear to 

be appropriate for agricultural production. High precipitation was found to be a crucial 

deterrent of deforestation in the Amazonia (Chomitz and Thomas 2003). Moreover, there 

does not exist in the Far West of Antioquia a road network (Appendix A, Figure A.1) that 

facilitates the transportation of agricultural products to regional markets. An increasing 

population and limited opportunities to find a job have lead most of the black people to 

be involved in logging activities and increase deforestation. After clearing the forest, 

colonist agriculture tends to be the dominant use in the Far West of Antioquia. Indeed, 

colonist agriculture is the dominant land use in the Pacific region of Colombia as 

reported by Etter et al. (2006d), which is located contiguous to the Far West of 

Antioquia.  

The observed deforestation in the Northwest of Antioquia (Figure 4.4) may likely 

be explained by the expansion of the market-oriented agriculture – fundamentally 

banana plantations – and the existence of main roads (Appendix A, Figure A.1). Access 

to credit from the United Fruit Company in the 1960’s and soils with moderate fertility 

(Appendix A, Figure A.5), which differs substantially from the poor and low fertility 

classes characterizing most of the Antioquia soils, contributed to the consolidation of 

commercial agriculture. In addition, most of the terrains in this region are relatively flat 

(Appendix A, Figure A.3), making them easier for mechanization of agricultural activities.   

Two cross-section data sets may not capture all of the complex dynamics of 

land-cover transitions in Antioquia between 1980 and 2000. For instance, a land covered 

by forest in 1980 may have been converted to agriculture before was observed in 

pasture in 2000. However, a 20-year period is assumed to be long enough to observe 
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cumulative effects of land-use and land-cover change and identify general trends and 

patterns. 

Approximately 379,140 (18.6%) of the 2,041,910 ha of dense forests existing in 

1980 were deforested 20 years later: 213,810 ha were converted to pastures, 79,270 ha 

to small woody vegetation (i.e., shrubs), 45,290 ha to agriculture, and 40,770 ha to 

other land cover (i.e., urban use) (see Table 4.1). Although some forests in Antioquia 

may have been converted to illicit cash crops (i.e., coca) is difficult to have a reliable 

estimate of this land-cover trajectory. However, some published estimates indicate that 

about 2,500 ha were cultivated with coca in 2000 (López-Rodríguez and Blanco-Libreros 

2008), representing only 0.04% of the Antioquia surface.  

An amount of deforestation of 379,140 ha over a 20-year period represents, on 

average, a forest clearing rate of 18,957 ha per year. The deforestation rate in Antioquia 

of 18,957 ha per year is similar to 19,500 ha deforested annually between 1989 and 

1992 in the entire department of Santa Cruz, Bolivia (Mertens et al. 2004). Although the 

period of analysis differs among deforestation studies and may make them not directly 

comparable, the comparison may, however, be of interest.  

The deforestation annual rate for Antioquia between 1980 and 2000, calculated 

using the equation (8) in chapter three, is 1.04%. Due to the lack of previous 

deforestation studies in Antioquia, deforestation rates are compared with results from 

Latin American. A deforestation rate of 1.04% is nearly three times the average value of 

0.38% reported for the Latin American humid tropics by Achard et al. (2002). 

Deforestation in Antioquia is occurring at a higher rate compared with many places in 

Latin America. One explanation for this finding is that the Andean region where 

Antioquia is located has a high population, leading to more social pressures on forest 

ecosystems.  

Although the transition of dense to mixed forests was the most important, in 

absolute values, land-cover change (Table 4.1), other observed changes were also 
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significant. Between 1980 and 2000, a possible natural process of ecological restoration 

in places not highly impacted by the previous land use may have occurred, as suggested 

by the change from 63,110 ha in pastures and 28,240 ha in small woody vegetation to 

forest (Table 4.1). Pastureland experienced a slight reduction by changing from 

2,655,230 ha in 1980 to 2,205,190 ha in 2000 (Table 4.1, Figure 4.3), which may be 

explained by a transitory reduction in the net returns derived from cattle farming.  

However, pastures continue to be a predominant land cover in 2000 and 

represent about 36% of the total area of Antioquia. Land in agriculture increased from 

370,420 ha in 1980 to 658,280 ha in 2000 (Table 4.1, Figure 4.3). Land covered by 

small woody vegetation decreased about 50% by changing from 868,710 ha in 1980 to 

400,620 ha in 2000 (Table 4.1, Figure 4.3).  

All the land-cover changes that occurred in Antioquia between 1980 and 2000 

constitute clear evidence of the complex dynamics associated with land-cover changes. 

These changes will have impacts on biodiversity loss, habitat fragmentation, hydrologic 

cycle, and climate change. If above-ground biomass estimates published by the 

Intergovernmental Panel on Climate Change (Egglestion et al. 2006) and other data 

reported by secondary sources were used, the gross emissions of greenhouse gases due 

to the forest conversion in Antioquia between 1980 and 2000 would be equivalent to 

0.045 PgC.8 To put this rough figure in perspective, Houghton (2003) reports a value of 

156 PgC from changes in land use and management between 1850 and 2000. Finally, 

land-cover changes will affect human health by increasing the occurrence of vector-

borne diseases (e.g., malaria) as suggested by empirical studies (Conn et al. 2002, Patz 

et al. 2004, Vittor et al. 2006).         

                                                 
 
8 To provide an estimate of net emissions of greenhouse gases the amount of carbon stored 
through regrowth should be considered. Although the regrowth sink has not been measured in 
Antioquia, it is assumed to be a small proportion with respect to the source of emissions from 
forest conversion. Published estimates of global net emissions from land-use change in the tropics 
between 1990 and 1997 indicate that while the emissions of greenhouse gases from conversion of 
forests accounted for 71% of the annual budget, the regrowth sink represented only 3.3% 
(Achard et al. 2004).   
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5.2 Econometric Modeling of Deforestation 

The observed deforestation in Antioquia between 1980 and 2000 was modeled 

based on a conceptual economic model in which the amount of cleared land is 

determined by the demand for and the supply of cleared land. A reduced-form land 

clearing equation was expressed as a function of factors representing basically market 

accessibility and agricultural suitability. A logit model was used to estimate the 

probability of forest clearing. Both the independent variable and regressors were 

calculated by merging reliable land cover data, at a semi-fine spatial resolution 

(1:25,000), and digital information of potential explanatory variables. Although 

deforestation modeling is generally constrained by the quality of available data (Etter et 

al. 2006d), the reliability and quality of the information used in this dissertation was 

rigorously evaluated during the previous stages of the research process. 

Historical studies reveal that the search for gold was one of the main drivers of 

the territory occupation of Antioquia (Jaramillo 2006). Mining activities led to the 

creation of towns as trade centers in remote areas and later roads were needed to 

connect Medellín, Antioquia’s capital, with remote towns. Roads connecting Medellín with 

38 of the 98 existing counties had already been built by 1935 (Poveda 2006c). Three of 

the main roads intended to integrate Antioquia with ports and the capital of Colombia 

were built between 1950 and 1980. Main roads of relative large length have not been 

built in Antioquia over the last decades, with the exception of the road that connects 

Cáceres with Zaragoza in the Northeast of Antioquia. Instead, it has been customary to 

make improvements to the existing roads. Thus, there does not seem to be a 

simultaneous determination of agricultural land use and main roads in Antioquia. 

Secondary road building does seem to have been more dynamic but they are not 

considered in this study because is assumed that they are likely more a consequence 

rather than a cause of deforestation (Chomitz and Gray 1996).  
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Empirical evidence indicates that roads are largely built in developing countries 

to connect remote sites to regional and national markets (Mertens and Lambin 2000), 

rather than being routed through sites with favorable soil and climate conditions for 

agricultural use. Indeed, if it were assumed that roads are designed to traverse areas 

markedly more suitable for agricultural use, the potential effect of the parameter of the 

distance from roads variable may be reduced by incorporating into the model factors 

controlling for agricultural suitability of the land such as soil quality (Chomitz and Gray 

1996). Road endogeneity was also not found to be problematic in the study examining 

the effect of road improvements on deforestation in Panamá (Nelson et al. 2001).  

The observed relationship between road building and population in developing 

countries may indicate the existence of multicollinearity rather than endogeneity (Pfaff 

1999). However, if additional information (i.e., agricultural prices, log price, non-

agricultural Gross Regional Product) to that used in this dissertation is collected in the 

near future, a simultaneous equation model approach may be employed to examine any 

potential endogeneity between roads and population. To check for multicollinearity, the 

correlation matrix containing all the potential exogeneous variables of the deforestation 

model was carefully examined before fitting statistically the econometric models. By 

examining the correlation matrix, distance from roads and population density were not 

found to be statistical correlated (~-0.08).   

The analysis of statistical significance for each parameter estimate showed that 

the variable distance from rivers was not statistically different from zero. One 

explanation for this fact is that rivers appear to have a less significant role in Antioquia in 

the transportation of products compared to roads. Distance from rivers was not found 

statistically significant in six out of seven regional deforestation models estimated for 

Colombia (Etter et al. 2006d).  

Seven explanatory variables were incorporated into the estimated models of 

deforestation − distance from roads, distance from rivers, slope, Gini’s index, soil 
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fertility, protected area, and population density. Except for the Gini’s index, similar 

variables were also included, either as percentage or after dividing the respective values 

by the area of the analysis unit, in econometric models of deforestation in Belize 

(Chomitz and Gray 1996), Brazil (Pfaff 1999), and Thailand (Cropper et al. 1999).    

The 30 m spatial resolution model exhibited the best statistical performance. A 

value of the area under the ROC curve of 0.81 (Appendix D, Figure D.1) indicates a good 

measure (Jurkowski et al. 2005) of the model’s ability to detect deforested pixels. The 

result of 0.81 for the area under ROC curve is far from the value of 0.5 which denotes 

little discrimination ability of the model. A value of 0.5 indicates that a pixel has the 

same probability of being classified either as cleared or not cleared and that does not 

provide valuable information. The 30 m pixel size econometric model also had the 

highest R2 (0.22). Pfaff (1999) used a binary model to examine the deforestation in 

Brazil and reported an adjusted R2 of 0.37. An explained variation between 20 and 40% 

is considered as satisfactory in the literature of discrete models. In contrast, the 

estimated model using a pixel size of 300 m had the lowest values of area under ROC 

curve (0.74) and R2 (0.14). Values for both criteria decreased as the spatial resolution, 

denoted by the pixel size, increased (Table 4.4).  

Previous studies of tropical deforestation have used “plots” or pixels with a size 

of  100 m in Thailand (Cropper et al. 2001), 500 m in Panamá (Nelson et al. 2001), or 

1000 m in Mexico (Deininger and Minten 2002). Blackman et al. (2008) used a 2 m pixel 

size to study deforestation in forest agroecosystems in Mexico because of the fine 

resolution of the available land cover information. None of these studies tested the 

robustness of the econometric results to the pixel size. Results of this dissertation 

suggest that econometric models of tropical deforestation may exhibit statistical 

sensitivity to the pixel size used in empirical studies.       

Four variables – distance from roads, slope, soil fertility, and protected area – 

out of the seven regressors in the 30 m pixel size model were statistically significant at 
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the 1‰ level – p-value<0.001, while the remaining variables – Gini´s index and 

population density – were statistically significant at the 5% level (Table 4.4). Distance 

from rivers was not statistical significant but its impact on deforestation, in terms of 

magnitude, is extremely small. For the 30 m pixel size model the parameter estimates, in 

absolute values, of the variables Gini´s index, protected area, and soil fertility were the 

highest in terms of magnitude: 3.23, 2.69, and 0.64, respectively.  

Gini´s index is an aggregated measure of the concentration of land ownership 

and may be a proxy for agrarian structures often classified according to the distribution 

of farm sizes. An agrarian structure variable was found to be statistically significant in 

deforestation models estimated for the Amazon (Aguiar et al. 2007). Econometric results 

in this dissertation suggest that the higher the concentration of land ownership, the 

lower the conversion of dense forests. This might indicate that after some critical 

threshold of concentration of land ownership is reached there may not be incentives to 

clear more land under forest. Indeed, remnant forests could be located in remote places 

with limited accessibility to them, leading to increased forest clearing costs and 

increased disincentive for deforestation. Gini’s index was calculated at a regional level 

(Mora and Muñoz 2006) and had the highest standard error (Table 4.4). The error might 

have been lower if the variable were been measured in a more precise fashion. 

Elasticity results indicate that Gini’s index (-1.144), slope (-0.479), and distance 

from roads (-0.472) were the most important factors affecting the clearing probability in 

Antioquia. Except for the Gini’s variable, elasticities of clearing probability with respect to 

slope and distance from roads were less than one. Cropper et al (1999) also found 

elasticities less than one, in absolute values, for the slope and the road density in their 

study of deforestation in Thailand (Cropper et al. 1999). The elasticity of clearing 

probability with respect to slope in this dissertation is similar to the value reported by 

Cropper et al. (2001) of -0.475, using a bivariate probit model to study deforestation and 

location of protected areas in Thailand.  
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Protected areas provide a disincentive for deforestation as indicated by the 

magnitude of the parameter estimate (-2.69). This finding was also observed in Thailand 

(Cropper et al. 2001) and Brazil (Chomitz and Thomas 2003). The protected areas 

considered in this dissertation (Appendix A, Figure A.6) correspond to natural parks 

located in places with a low population density (Appendix A, Figure A.7) and very distant 

from main cities. These attributes make protected areas less susceptible to clearing, 

which may overstate, in absolute value, the impact of protected areas on forest clearing 

in a single-equation model of deforestation as suggested by Cropper et al. (2001). 

Although the impact of protected areas on deforestation appears to be quantitatively 

large, the elasticity value is only -0.123. That is, a 10% increase in the area under legal 

protection will decrease the probability of clearing roughly by 1%, holding other 

variables constant.     

Soil fertility was included in the econometric models as a dummy variable with a 

value of 1 indicating sites with poor or low soil fertility. The results suggest that the 

lower the soil fertility, the higher the clearing probability (Table 4.4). A positive sign for 

eroded and less fertile soils was also obtained for deforestation models in North and 

Northeast regions of Thailand (Cropper et al. 1999). Some forests may have been 

cleared because they lie on soils with a high natural fertility, making them very attractive 

to agricultural use. But deforestation also took place on sites where soils have low 

fertility as appears to be the pattern observed in Antioquia (Figure 5.1). Etter et al. 

(2006d) found that forests of Colombia located in high fertile soils represented only 2% 

in 1998.  

In most of the deforested places in Antioquia, commercial agriculture was not 

established on soils with poor or low fertility. One explanation for this is that the 

establishment of commercial agriculture on soils less fertile may require fertilization 

which may increase production costs. Rather than commercial croppers an increasing 

population of colonists and small farmers, who have limited sources of income, seem to  
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Figure 5.1. Proportion of forest clearing in Antioquia, Colombia, for different soil fertility 
classes. Dataset: 30 m pixel size. 

be exerting a higher social pressure on natural forests (Etter et al. 2006d). Indeed, many  

seminal economic studies of deforestation found the rate of population growth to be one 

of the main drivers of forest clearing in developing countries (Allen and Barnes 1985).  

Slope was also statistically significant (p-value<0.001) and is negatively related 

to forest clearing. Steep slopes may increase the forest clearing cost, providing a 

naturalprotection to forests. This is consistent with the results of deforestation in 

Thailand (Cropper et al. 2001) and Belize (Chomitz and Gray 1996). Deforestation in 

Antioquia does appear to be higher in low-slope sites (compare Figure 4.4 and Figure 

A.3, Appendix A). Population density is positively related to deforestation and has a 

small quantitative effect. The whole study area is characterized by a low population 

density, with the exception of the Metropolitan Area (red area in Figure A.7 of Appendix 

A) where more than 50% of Antioquia population resides. The elasticity of clearing 

probability with respect to population density is 0.135. This result is almost similar to the 

value reported by Cropper et al. (2001) of 0.154, using a bivariate probit model to study 

deforestation and location of protected areas in Thailand.    
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Results of this dissertation show that deforestation in Antioquia was driven by 

many determinants. This is consistent with the work of Pfaff (1999), but unlike that 

study this dissertation used land-cover information at a semi-fine resolution (1:25,000 

scale). The 30 m pixel size model does seem to be the most appropriate to explain the 

observed deforestation in Antioquia between 1980 and 2000. A pixel of 30 m is 

equivalent to an area of 0.09 ha and may represent the size of the smallest plot of land 

on which landowner’s decisions on agricultural uses might be made. This plot size is 

likely to be observed in many farms in Antioquia. However, the potential bias associated 

with the disparity between the pixel size and the average size of a parcel owned by a 

representative decision maker (Nelson et al. 2004) remains unclear.   

The excellent statistical performance of the 30 m pixel size model may be 

explained by the fact that land cover classes were identified primarily from aerial 

photography. The interpretation of the information contained in aerial photography 

produces a less confusing classification of land cover types compared to satellite images, 

providing information of high quality and accuracy. In contrast, many studies of tropical 

deforestation have primarily used satellite images to identify land covers (Chomitz and 

Gray 1996, Nelson and Hellerstein 1997, Geoghegan et al. 2001, Chomitz and Thomas 

2003) due to the fact that is often the only source of land-cover information.   

The identification of land cover from satellite images, however, depends strongly 

on the procedures of classification used. Procedures related basically to geometric 

rectification, resampling, and radiometric corrections, may not be necessarily enough to 

guarantee high quaility land cover information and statistical significance of individual 

parameters in econometric models of deforestation, as can be concluded from the study 

of land-cover changes in Southern Cameroon (Mertens and Lambin 2000). Even the 

most advanced broadband sensors (i.e., IKONOS) may have limitations to correctly 

identify land cover types in tropical areas, as indicated by a study done in a rainforest 

located in Southern Cameroon (Thenkabail et al. 2004). In addition, most of the satellite 
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images for tropical areas are plagued with varying level of cloudiness, and inappropriate 

procedures to drop or impute missing values may lead to biases in the deforestation 

estimates (Butler and Moser 2007).     

 In this dissertation, econometric models were estimated with samples after 

using a sampling strategy to control for spatial autocorrelation. The value of the Moran´s 

I test for all samples was equal to zero, suggesting that observations across the 

dependent variable exhibited a random spatial pattern. A distance of five pixels was 

appropriate to control for structutural spatial dependence and is equivalent to a distance 

ranging between 150 and 1500 m (pixel size ranges from 30 to 300 m). The distance 

range is consistent with the range between 627 and 1825 m used by Munroe et al. 

(2002). However, it differs from the approach followed by Cropper et al (2001) who 

sampled points systematically at 5-km intervals to reduce the spatial autocorrelation.  

If the total area covered by forests in 1980 were considered in only one sample, 

the number of observations for a 30 m pixel size model would be slightly greater than 22 

million. The inclusion of all observations in econometric models of deforestation would 

require some assumptions to deal with the neighbors’ clearing actions and to correctly 

model the deforestation in Antioquia. There exists some evidence of positive and 

significant effects of deforestation actions of neighbors on individual’s deforestation 

decisions in Costa Rica (Robalino and Pfaff 2004). The estimation of spatial interactions 

in forest clearing is beyond of the objectives of this dissertation but be examined in the 

future.  

The estimated econometric models did not incorporate important determinants 

of forest clearing. For instance, landowners’ motivations play a significant role in clearing 

decisions. However, their measurement is challenging and could be prohibitively 

expensive over large areas (Alig and Plantinga 2007). Also, if deforestation occurs where 

land prices are assumed to rise, expected prices should be incorporated in the analysis 

(Chomitz and Gray 1996). But prices for land, output, and inputs are not often recorded 
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at the parcel level in developing countries. An option might be the inclusion of national 

prices for agricultural and forest products. However, they may not capture the dynamics 

of regional markets. For instance, the national price of rice minus transport cost, which 

was the crop with the greatest area planted in Thailand between 1976 and 1989, was 

used by Cropper et al. (1999) in deforestation models. However, the net rice price was 

not statistically significant.  

One crucial limitation of the econometric model of deforestation is that does not 

enable the simulation of market-based policies (e.g, a subsidy given to landowners to 

encourage them to maintain land under forest) due to the lack of a variable explicitly 

representing net returns to agricultural or forest uses. To calculate net returns to 

alternative land uses at the parcel level high-quality information is required and this is 

expected to be done in the future.   

5.3 Policy Implications 

The information of land-use change and the estimated econometric models of 

deforestation of this dissertation may provide valuable insights in the examination of two 

policy issues in Antioquia, Colombia. As one example, the government of Antioquia is 

strongly committed to improving the existing road network because is thought to be 

neither adequate nor enough if the region is expected to be more integrated to national 

and international markets. Both improvements to some of the existing roads and 

building of new ones are being planned for the next decade. The new infrastructure 

projects, however, may raise some concerns among environmentalists and policy makers 

on the potential ecological impacts of the new roads. The best estimated econometric 

model in this dissertation is employed to simulate a hypothetical increase in the road 

network and evaluate potential impacts on forest clearing.  

As a second example, a newly created Regional System of Protected Areas will 

be responsible for the identification and incorporation in the system of forest areas that 
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should be protected. Although decisions about environmental conservation tend to be 

complex, the identification and design of the areas to be protected may be based largely 

on biological criteria (e.g., biological diversity, endemism, and habitat sizes). The 

geographical representation of the forests in 2000 and the identification of sites where 

deforestation is more likely to occur may serve as a valuable input for policy makers.  

Conservation investments and the efficient design of a system of protected areas should 

evaluate the risk associated with unexpected human-induced transformations in both 

potential and existing protected areas.   

5.3.1 Simulating Effects of New Roads on Forest Clearing   

There exists some previous literature examining whether road building may 

exacerbate deforestation in tropical countries (Chomitz and Gray 1996, Nelson and 

Hellerstein 1997, Cropper et al. 1999, Cropper et al. 2001, Nelson et al. 2004). This 

issue does seem to be very appropriate for Antioquia given the policy setting described 

above. For the analysis of the effects of new roads on forest clearing both a base and a 

simulated scenario should be clearly identified.  

A base scenario is derived from the estimation of the econometric model of 

deforestation using the original values for all the exogenous variables. In contrast, a 

simulated scenario is obtained by changing all the values of the variable distance from 

roads and reestimating the econometric model. All other explanatory variables are held 

constant. For all the observations in the sample, the distance from roads is reduced by a 

fixed percentage of 50%. By examining this hypothetical reduction in the distance from 

roads valuable insights may be provided to policy makers related to whether or not 

roads will likely induce more deforestation. Moreover, the simulation would indicate 

where the induced deforestation is more likely to occur. The simulation can be 

interpreted as if the proposed new roads had been built during the period of the study, 
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leading to a decrease in the distance between the analysis units (i.e., pixels) and the 

roads.      

As a result of the simulation the coefficient of the variable distance from roads in 

the econometric model will change. For a 50% reduction in the distance from roads, the 

new coefficient associated with this variable is -0.00013. The reestimated econometric 

model is used to obtain new estimated probabilities of forest clearing. The simulation 

potential effects are thoroughly examined by identifying those areas where the reduction 

in the distance from roads raises the probability of clearing above a specific threshold. 

These areas can be interpreted as the incremental impacts in terms of deforestation due 

to a higher road density. In turn, the threshold can be interpreted as an arbitrary rule 

used to transform probabilities into an outcome assumed to be certain.  

Thus, a threshold of 0.7 implies that forest pixels with estimated probabilities 

above this value are assumed to be cleared and a raster image representing the 

predicted deforestation can be generated. A limitation of this approach is that other 

potential rules may be implemented, originating distinct predicted deforestation surfaces. 

For this reason, thresholds of 0.8 and 0.9 as rules to determine that a pixel will be 

deforested were also analyzed. By increasing the threshold is expected that less area be 

deforested, but the analysis may be useful to gauge the minimum impact as a result of 

the building of new roads.  

Pixels that may be affected by the building of new roads are found by overlaying 

the raster image of the pixels assumed to be not cleared in the base scenario (no new 

roads) with the raster image of the pixels assumed to be cleared in the simulated 

scenario (new roads). The results indicate that 11,541 pixels will be cleared if their 

distances to roads are reduced by a hypothetical and uniform value of 50%. As the total 

number of affected pixels constitutes a small area with respect to the entire study site, 

they are shown in a vector format map to facilitate their visualization (Figure 5.2).  

 



 

 

84 

 

Figure 5.2. Simulation of impacts of new road building by reducing in 50% the distance 
from roads. Map in vector format.      

Table 5.1 summarizes the impacts of the simulation of new roads for different 

thresholds. Based on the simulation, new roads will induce more deforestation compared 

to the base scenario and for all the examined thresholds. In addition, simulation predicts 

where deforestation is likely to occur and where it is not. This information may be 

valuable to policy makers to identify areas more vulnerable to government intervention 

through the building of new roads.  

Table 5.1. Impacts of the simulation of the building of new roads in Antioquia, Colombia. 
Model: 30 m pixel size.  

 
Deforestation 

threshold 
 

 
Relative change in the number of 

pixels 

 
Relative change in area (ha) 

0.7 11,541 1038,7 
0.8 11,455 1031,0 
0.9  1,715  154,4 

Notes: Changes in the number of pixels and the area affected by the simulation of new roads 
are relative to the base scenario (no new roads). Area in column three is obtained after 
multiplying values of column two by the pixel size, 30 m.  
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Simulation results are consistent with those obtained by Nelson and Hellerstein 

(1997), who simulated an increase rather than a decrease in the distance variable of 

their deforestation model. By simulating an increase in the variable representing distance 

they found that less area would have been deforested in a region in central Mexico. 

Government intervention may be oriented to improve the existing roads (e.g., by 

increasing the number of lanes), rather than building new roads and substantially  

increasing the road density. Improvements on existing roads are found to induce less 

deforestation compared to the the construction of new roads (Nelson et al. 2004). Under 

any government intervention, either building or improvement, roads will affect forests 

and these potential environmental impacts should be addressed. However, a thorough 

economic analysis should compare any potential environmental costs with the stream of 

benefits derived from the building of new roads (e.g., reduction of transport costs and 

poverty).     

5.3.2 Identification of Forests Under Greater Threat of Conversion 

Time and money will continue to be allocated by governments and 

environmental organizations to the design and implementation of systems of protected 

areas. However, the evaluation of the effectiveness of these systems is challenging given 

the difficulties associated with the quantification of the actual avoided deforestation. 

That is, the deforestation that would have occurred if the protected area had not been 

designated. Empirical evidence, however, suggests that about 10% of the protected 

areas in Costa Rica would have been cleared without any legal protection (Andam et al. 

2008). This finding will probably be used for governments and environmental 

organizations to continue considering the creation of protected areas as a feasible and 

effective alternative to reduce deforestation. This will likely be the prevailing trend in 

Antioquia over the next years through the creation and consolidation of the Regional 

System of Protected Areas (RSPA).  
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A RSPA has recently been proposed for Antioquia and will be funded by both 

international cooperation and public environmental institutions. The RSPA budget will 

provide financial support for a broad range of conservation activities. One of these 

activities will be the selection and protection of forest areas. The selection of forest 

areas to be protected is commonly based on biological (e.g., biodiversity) and 

environmental (as provision of ecosystem services of significant importance to human-

well beings) criteria.   

However, other type of information may also be required to help design 

effectively the RSPA. Valuable information can be a general evaluation of the risk 

associated with the potential conversion of the existing forest areas. Some forest areas 

to be included in the RSPA may experience significant human pressure and require a 

buffer to mitigate effectively any potential threat of conversion. Otherwise, conservation 

investments may not be effective.  

Although protected areas may be designated for many reasons (e.g., promotion 

of tourism or as places offering recreation oportunities to urban people), the threat of 

conversion may make some forest areas more eligible to be designated as protected 

areas. The likelihood for a forest area to be considered as a protected area will 

substantially increase when the conversion is expected to occur in a forest area with 

particular and unique biological attributes such as endemism.   

The results of this dissertation may help identify forest areas under greater 

threat of deforestation. These areas are defined as those covered by forest in 2000 that 

have an estimated probability of clearing above 0.7. By assuming this deterministic 

transition rule, pixels with an estimated probability above the threshold of 0.7 will be 

cleared. Figure 5.3 shows that most of the forest areas under greater threat of 

conversion are located in the Northwest of Antioquia and particularly clustered close to 

the National Park Nudo de Paramillo. The main road crossing by this part of the territory 

of Antioquia will probably be improved over the next years by increasing its number of  
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Figure 5.3. Areas covered by forest in Antioquia in 2000 (green) and under greater 
threat of clearing (orange) using a deforestation probability threshold of 0.7. Model: 30 
m pixel size. 

lanes. Thus, the improvement of the road may significantly increase the current 

observed threat of conversion of forest areas located in the Northwest of Antioquia.  

Forests in remote sites and distant from urban areas tend to have a natural 

protection as suggested by the large green areas without potential threat and located in 

the West and Northeast of Antioquia (Figure 5.3). This suggests that no significant 

efforts may be required to protect them. Figure 5.3 also indicates that forest areas with 

a high potential of being converted are scattered in the Center and Southeast of 

Antioquia. Although National Parks do not exist in these two regions of Antioquia, the 

information is valuable because other types of protected areas such as forests reserves 

are been designated by enviromental public agencies.  

Information of forest areas under threat of conversion may also be a valuable 

input for the design of a potential project of Reduction of Emissions from Deforestation 

and Degradation (REDD) in Antioquia. REDD is one of the new policies that is being 
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considered to mitigate global climate change (Olander et al. 2007, Gibbs et al. 2007). 

REDD projects require a credible identification and measurement of the emissions of 

greenhouse gases under a business as usual scenario (a base scenario). This is difficult 

and has proven to be a challenge as suggested by similar analyses using other forest-

based carbon sequestration options (e.g., afforestation, silvicultural management). 

However, if REDD projects are implemented in Antioquia in the future, they should 

consider the identification and quantification of any potential leakage and risk associated 

with the possibility that the forest included in the project be deforested.  
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6. CONCLUSIONS  

This dissertation used land rent theory and an economic model of land-use 

conversion to examine the main drivers of the deforestation that occurred in Antioquia, 

Colombia, between 1980 and 2000. Land-cover information at a semi-fine scale 

(1:25,000) obtained largely from aerial photography was employed to calculate 

deforestation. This approach differs from most of the previous tropical deforestation 

studies in which satellite images has often been used to derive land-cover and land-use 

data.   

Free international databases and national georeferenced biophysical information 

were also used to consolidate a set of potential explanatory variables which may account 

for the observed deforestation in Antioquia over a 20-year period. By merging land-

cover, biophysical and demographic data sets, deforestation economic analyses based 

on econometric models may be carried out in tropical areas where land-use information 

is often bad or lack. Basically, this is due to the fact that there does not exist an 

effective monitoring program of land-use and land-cover change through either long-

term permanent plots or remote sensing data analyses.   

The econometric model estimated the clearing probability as a function of the 

variables: distance from roads, distance from rivers, slope, Gini’s index (a measure of 

land ownership concentration), soil fertility, protected area, and population density. 

These variables are assumed to be proxies for variables affecting the demand for and 

the supply of cleared land (e.g., output and input prices). The resolution of the 

information used in this dissertation may have contributed to identify clearly the main 

determinants of forest clearing, some of which may have likely been obscured by using 

coarse-resolution (> 1:100.000 scale) information. Deforestation econometric models 

estimated with small but statistically significant explanatory variables can be considered 
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as parsimonious models, which capture accurately the structural information in the data 

(Burnham and Anderson 2002).   

The robustness of the statistical estimation to the pixel size, the analysis unit 

used in this dissertation, is examined by estimating econometric models for pixel sizes of 

30, 50, 100, 200, and 300 m. Robustness results suggest that the 30 m pixel size model 

performs much better from a statistical point of view. The 30 m pixel size model has the 

highest values of R2 and area under the ROC curve. That is, the model accounts for 

much of the forest clearing variation and has a very satisfactory ability to discriminate 

pixels under forest in 1980 that were cleared over a 20-year period. In contrast, the 

estimated model using a pixel size of 300 m had the lowest values of area under ROC 

curve and R2. Values for both criteria decreased as the spatial resolution, denoted by the 

pixel size, increased. Results of this dissertation suggest that econometric models of 

tropical deforestation may exhibit statistical sensitivity to the pixel size used in empirical 

studies. 

The comparison of the elasticity magnitudes of all the explanatory variables 

included in the 30 m pixel size model indicates that the Gini’s index, the slope, and the 

distance from roads are the main drivers of the observed deforestation in Antioquia, 

Colombia, between 1980 and 2000. Except for the Gini’s index, all the calculated 

elasticities are lower than one, which is consistent with previous studies. The 

econometric model exhibiting the better statistical performance (30 m pixel size) is used 

for policy analyses in two different ways: (i) to simulate how new roads may influence 

deforestation, (ii) to identify the areas under greater threat of deforestation.  

For the analysis of the effects of new roads on forest clearing both a base and a 

simulated scenario were identified. Original values for all the exogenous variables are 

used to estimate the econometric model and define the base scenario. The simulated 

scenario, in turn, is defined by changing all the values of the variable distance from 

roads and reestimating the econometric model. All other explanatory variables are held 
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constant. The simulated scenario examines the incremental effects on deforestation with 

respect to the base scenario after reducing the distance from roads by a fixed 

percentage of 50%. The simulation can be interpreted as if the proposed new roads had 

been built during the period of the study, leading to a decrease in the distance between 

the analysis units (i.e., pixels) and the roads.      

Simulation results suggest that the building of new roads will induce more 

deforestation compared to the base scenario. In addition, simulation predicts the 

location of the incremental deforestation. Likewise, simulation predicts where 

incremental deforestation is not likely to occur. Simulation results may provide valuable 

insights to policy makers to improve their ability and understanding of the potential 

impacts on forest clearing as a result of government interventions through the building 

of new roads.  

The main results of this dissertation were also employed to identify forest areas 

under greater threat of deforestation. These areas are defined as those covered by 

forest in 2000 that have an estimated probability of clearing above 0.7. By assuming this 

deterministic transition rule, pixels with an estimated probability above the threshold of 

0.7 will be cleared. The results indicate that the forests located in the Northwest of 

Antioquia are under greater threat of conversion. Threat that may likely be higher in the 

near future if the main road crossing this part of the territory of Antioquia is improved 

through the increasing of the number of lanes as has been proposed. The results also 

suggest that forests located in remote sites and distant from urban areas may be 

protected without significant institutional efforts.  

The identification of the forests under greater threat of conversion constitutes 

valuable information to policy makers and environmental organizations who attempt to 

reduce deforestation by creating networks of protected areas. Some of the forest areas 

under greater threat of conversion may have biological attributes (e.g., biological 

diversity) that make them as potential sites to be included in a Regional System of 
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Protected Areas recently approved in Antioquia. However, the inclusion in a network of 

protected areas of forests with a high likelihood of being cleared may constitute a 

significant risk for conservation investments.   

Many of the forests existing in Antioquia in 1980 were converted to alternative 

uses in a 20-year period. Although forests provide important ecosystem services (e.g., 

water regulation, climate stability, provision of habitat) many of them are non-market 

values, leading to colonists and small farmers to convert the forest to alternative uses 

(e.g., pasture). It may be thought, however, that this trend may substantially change 

and forests could be protected or restored with a higher economic growth and per-capita 

income. This may be a plausible theory. Meanwhile, land use in Antioquia might be 

regulated through zonning policies or market-based instruments to obtain outcomes 

socially desirable. 

Some limitations in this dissertation should be recognized. The econometric 

models do not incorporate directly economic rents for agricultural and forest uses. This 

prevents me from simulating market-based instruments (e.g., taxes and subsidies). In 

addition, neighbors’ actions affect the individual’s forest clearing decisions and they 

should be incorporated in the deforestation economic analyses. Finally, the Gini’s index 

was the only explanatory variable measured at a regional level. A finer resolution of the 

variables intended to be proxies for agrarian structures is desirable. All these limitations, 

however, constitute interesting aspects to be addressed in future research. Indeed, 

further research could shed light on additional temporal and spatial complexities of land-

use change in Antioquia, Colombia.           
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Appendix A. Raster maps of the explanatory variables used to model deforestation in 

Antioquia (Colombia) between 1980 and 2000. 

 

Figure A.1. Raster map of distance (m) from main roads of Antioquia, Colombia. Pixel 
size of 30 m.   

                         

Figure A.2. Raster map of distance (m) from main rivers of Antioquia, Colombia. Pixel 
size of 30 m. 
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Figure A.3. Raster map of slope (degrees) of Antioquia, Colombia. Pixel size of 30 m.  

 

Figure A.4. Raster map of Gini´s index of Antioquia, Colombia. Pixel size of 30 m.  
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Figure A.5. Raster map of categories of soil fertility of Antioquia, Colombia. Pixel size of     
30 m. The white rectangle on the east side of the map represents oil fields where soil 
sampling was not allowed in 1979.  

 

Figure A.6. Raster map of national parks (protected areas) of Antioquia, Colombia. Pixel   
size of 30 m.  
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Figure A.7. Raster map of population density (#/sq km) of Antioquia, Colombia. Pixel 
size of 30 m. 
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Appendix B. Protocol used to obtain the samples for the econometric models of 

deforestation. 

The protocol designed to obtain the samples used in all econometric models of 

deforestation that occurred in Antioquia, Colombia, between 1980 and 2000, consisted 

of the following procedures and activities. 

Point Sampling. Various series of 5000 points located in the study area were 

randomly chosen using the extension DNR Random Sampling Tools, version 2.4, of the 

VIEW3.1. Figure B.1 shows one of the series of 5000 points selected for the whole study 

area. Points located out of forest cover polygons – dense forest, catival forest, 

mangrove, roble forest, or mosaics of catival and mangrove – were identified and 

eliminated using the select by location function of GIS9.2. Figure B.2 shows the sample 

points that correspond to existing forest in 1980. The distance between points was 

verified using a buffer, which was specified in the select by location function. Only those 

points separated at least five pixels from each other were considered. For instance, for a 

sample of 30 m pixel size the minimum distance between two points was 150 m. This 

distance therefore varies according to the pixel size used during the conversion of 

polygon-based data to a cell space or raster format. 

Variables in Raster Format. Distance from main roads and rivers were calculated 

with the function distance of the ArcToolbox Spatial Analyst in GIS9.2. For this 

calculation, values for the parameters cell size, extent, and mask were defined. The cell 

size corresponded to the pixel size − 30, 50, 100, 200, or 300 m − of the dataset that 

was being generated. The extent was defined based on a grid origin of 662770x and 

1090800y, and a grid size of 12,700 rows and 12,000 columns. Finally, the file of the 

study area, previously converted to raster format using the function polygrid of the 

INFO9.0, was used as mask.  
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Figure B.1. Sample of a series of 5000 points randomly selected throughout the study 
area using DNR Random Sampling Tools, version 2.4. 

 

Figure B.2. Sample points corresponding to existing forests in 1980. 
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A digital elevation model, with a thirty-meter contour interval, from the Shuttle 

Radar Topography Mission conducted by NASA in the year 2000, was used to calculate 

the variable slope using the function surface analysis of the ArcToolbox Spatial Analyst in 

GIS9.2. As it was done for distance from roads and rivers, the same values for the 

parameters cell size, extent, and mask were used. 

For the conversion of other variables such as Gini´s index, soil fertility, and 

protected area, their corresponding digital files were saved in coverage format and then 

converted to raster format using the function polygrid of the INFO9.0. Raster files were 

generated for distinct cell sizes – 30, 50, 100, 200, and 300 m − depending on the 

respective sample. The grid origin and grid size were similar to those used for the 

conversion to raster format of the variables distance from roads, distance from rivers 

and slope.  

The variable population density was obtained in raster format, with a cell size of 

4,614 m. Land-cover map of 2000, containing more than 50,000 polygons, was 

partitioned in three parts to facilitate the conversion to raster format. The map was 

reassembled using the function mosaic of the module grid of INFO9.0. Finally, the 

function selectmask of this software was applied to the grids of slope, Gini´s index, soil 

fertility, protected area, population density, land cover of 1980, and land cover of 2000 

to guarantee that all raster format files had the same extent.  

Extracting Values from Raster Files to Points of the Sample. For all points of the 

sample, values for each potential exogenous variable were extracted from the 

corresponding raster file. The extraction was carried out using the function extract 

values to points of the ArcToolbox Spatial Analyst Tools in GIS9.2. The option append 

was activated to add values of a new variable in the same table of attributes.  

Calculating the variable deforestation. This variable was calculated by identifying 

those points in the sample that are located in polygons that do not correspond to forest 

cover in 2000. A new field was added to the table of attributes containing the extracted 
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values for all explanatory variables of the respective sample. In the new field a binary 

variable was stored, with a value of 1 to denote deforestation and 0 otherwise.  
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Appendix C. Source code file written in Stata to estimate and evaluate econometric 

models of deforestation. 

 

//Specification of the working directory Estimations which should be previously 

//created.  

cd "C:\Estimations"  

 

//Defining a log file, estdefor30, to store results from the Stata session.   

log using estdefor30.log, replace 

 

//Reading the dataset muestra_defor_p30. 

use "C:\Estimations\muestra_defor_p30.dta", clear 

 

//Assigning labels to variables. 

 

label var d_roads "Distance from roads" 

label var d_rivers "Distance from rivers" 

label var slope "Slope in degrees" 

label var gini "Gini´s index" 

label var soil_fer "Soil fertility: 1=poor, 2=low, 3=moderate, 4=no data" 

label var p_area "Protected areas: 1=protected, 0=no protected" 

label var pop_dens "Population density" 

label var defor "Deforestation: 1=deforested, 0=no deforested" 

 

//Creating and assigning labels to categorical variables. 

//Creating labels. 

label define soil_ferv 1 poor 2 low 3 moderate 4 no_data  
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label define p_areav 1 protected 0 no_protected 

label define deforv 1 cleared 0 no_cleared 

 

//Assigning labels. 

label values soil_fer soil_ferv  

label values p_area p_areav 

label values defor deforv 

 

//Verification of the type of some variables. 

describe soil_fer p_area defor 

 

//Inserting notes to identify data sources.  

notes: Modeling tropical deforestation in Antioquia, 1980-2000.  

notes d_roads: Calculated in a GIS after digitizing main roads. The variable is a measure 

of accessibility. 

notes d_rivers: Calculated in a GIS after digitizing main rivers. The variable is a measure 

of accessibility.  

notes slope: Calculated from a digital elevation model, with a thirty-meter contour 

interval, from the Shuttle Radar Topography Mission of NASA in the year 2000. The 

variable measures the effect of geophysical factors on deforestation. 

notes gini: Calculated at a regional level. The variable measures the effect of  

the land ownership concentration on deforestation. 

notes soil_fer: Obtained from a comprehensive study of soils for Antioquia in  

1979 from the National Geographic Institute. The variable measures the  

effect of geophysical factors on deforestation.  
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notes pop_dens: Obtained from a gridded population of the world, version 3.0., 

Columbia University, 2005. The variable measures the effect of density population on 

deforestation.  

notes defor: Calculated from the land-cover analysis after digitizing cover  

types of Antioquia for 1980, and comparing it with cover types from the  

National Geographic Institute and Secretary of Agriculture of Antioquia  

for 2000. 

  

//Creation of a dummy variable for soil fertility: 1=poor and low fertility  

//0=moderate. 

generate dummyfer=(soil_fer==1|soil_fer==2) 

 

//Analyzing correlation for all explanatory variables. 

correlate d_roads d_rivers slope gini dummyfer p_area pop_dens  

  

//Estimation of the logit model. 

logit defor d_roads d_rivers slope gini dummyfer p_area pop_dens if soil_fer<4  

 

//Storing estimation results and checking goodness of fit. 

estimates store fullmodel 

fitstat 

 

//Calculating and storing standardized residuals.  

predict rstd,rs  

 

//Identifying possible influential observations using the Cook´s distance.  

predict cook,dbeta 
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//Summarizing estimated model: fullmodel. 

estimates table fullmodel, stats( chi2 N ll aic bic rank ) star(.05 .01 .001) style(oneline) 

 

 

//Calculating descriptive statistics for the sample of the estimated model 

estat summarize 

 

//Calculating marginal effects for the estimated model. 

//The command mfx calculates marginal effects using numerical methods  

//and provides standard errors and confidence intervals for each marginal  

//effect. For categorical variables, marginal effects are estimated as  

//discrete changes.  

mfx compute, dydx at(mean) 

 

//Calculating elasticities 

mfx compute, eyex at (mean) 

 

//The command prchange calculates marginal effects but does not provide  

//standard errors and confidence intervals for each marginal effect.  

//For categorical variables, marginal effects are also estimated as discrete changes.  

prchange, fromto   

 

//Evaluating the predictive power of the estimated model using the LOWESS graph  

//and ROC curve. 

//LOWESS graph compares predicted probabilities to a moving average of the 

//proportion of cases that are 1 (deforested). The closer the solid line to the  
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//diagonal, dashed line, the better the fit of the model.  

predict p1 

summarize p1 

lowess defor p1, ylabel(0(0.2)1, grid) xlabel(0(0.2)1, grid) addplot(function y=x, 

legend(off)) 

 

//Constructing a table of observed and predicted values. 

estat class 

 

//ROC curve  

lroc 

 

*Closing the log file 

log close. 
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Appendix D. ROC curve and lowess graphs for some models of deforestation in Antioquia 

(Colombia). 
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Figure D.1. ROC curve for the 30 m pixel size deforestation model for Antioquia, 
Colombia. 
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Figure D.2. Lowess curve for the 30 m pixel size deforestation model for Antioquia, 
Colombia. 

 

Figure D.3. Lowess curve for the 300 m pixel size deforestation model for Antioquia, 
Colombia. 
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Appendix E. Probability surfaces of deforestation in large regions of Antioquia 

(Colombia). 

 

Figure E.1. Probability surface of deforestation in the Northeast large region of 
Antioquia, Colombia, 1980-2000. Pixel size of 30 m. Names on the map are planning 
regions as defined by governmental institutions of Antioquia.  

 

Figure E.2. Probability surface of deforestation in the Southeast large region of 
Antioquia, Colombia, 1980-2000. Pixel size of 30 m. Names on the map are planning 
regions as defined by governmental institutions of Antioquia.  
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Figure E.3. Probability surface of deforestation in the Northwest large region of 
Antioquia, Colombia, 1980-2000. Pixel size of 30 m. Names on the map are planning 
regions as defined by governmental institutions of Antioquia. 

 

Figure E.4. Probability surface of deforestation in the West large region of Antioquia, 
Colombia, 1980-2000. Pixel size of 30 m. Names on the map are planning regions as 
defined by governmental institutions of Antioquia. 
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Appendix F. Probability surfaces of deforestation in large regions of Antioquia (Colombia) 

with assigned values to no data observations of soil fertility 

 

Figure F.1. Probability surface of deforestation in the Northeast large region of 
Antioquia, Colombia, 1980-2000, with assigned values to no data observations of soil 
fertility. Pixel size of 30 m. Names on the map are planning regions as defined by 
governmental institutions of Antioquia. 

 

Figure F.2. Probability surface of deforestation in the Southeast large region of 
Antioquia, Colombia, 1980-2000, with assigned values to no data observations of soil 
fertility. Pixel size of 30 m. Names on the map are planning regions as defined by 
governmental institutions of Antioquia.  
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Figure F.3. Probability surface of deforestation in the Northwest large region of 
Antioquia, Colombia, 1980-2000, with assigned values to no data observations of soil 
fertility. Pixel size of 30 m. Names on the map are planning regions as defined by 
governmental institutions of Antioquia.  

 

Figure F.4. Probability surface of deforestation in the West large region of Antioquia, 
Colombia, 1980-2000, with assigned values to no data observations of soil fertility. Pixel 
size of 30 m. Names on the map are planning regions as defined by governmental 
institutions of Antioquia. 


