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Abstract  

Tropical deforestation has environmental consequences at local, regional and global scales. The 
Brazilian Amazon’s deforestation resulted largely from conversion to farmland by landholders.  
These conversions caused deforestation that researchers have examined locally by interviews with 
landowners and regionally by satellite remote sensing.  This paper merges data from these 
methods to validate survey-based deforestation levels with remote-sensing information.  We 
determine household characteristics associated with misreporting of land use.  After identifying 
errors, we modify the data to better estimate influences on local deforestation.  Although 
individuals are not found to intentionally misrepresent land use, incorporating differences between 
the two data sources improves the estimations of deforestation.  
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1.  INTRODUCTION 
 

Tropical deforestation remains a critical concern due to its role in global climate 
change and biodiversity loss.  Because deforestation results from complex social and 
physical processes, researchers from a variety of disciplines collect and analyze a sub-
stantial array of socioeconomic, demographic, and satellite-derived land use data.  
Researchers rely on accurate measurements to determine the causes and extent of forest 
loss and to understand the consequences of land use change.  Most deforestation meas-
urements are collected at two very different scales:  1) satellite remote sensing measure-
ments of entire regions, and 2) on-site interviews of households (Brondizio et al. 1996; 
Lambin 1997; Lambin, Rounsevell, and Geist 2002; Kaimowitz and Angelsen 1998; 
Walker, Moran, and Anselin 2000; Evans et al. 2001; Caviglia-Harris 2004).  Although 
analyzing land use change with data collected from different scales has advantages, a 
more robust understanding of deforestation dynamics and interactions can be gained by 
merging remotely sensed data, processed with geographic information systems (GIS), 
with survey observations.  The union of these data enables socioeconomic processes 
associated with individual landholders and regional markets to be examined in relation to 
their impact on the broader framework of large-scale deforestation.  

 
Emerging research in the social sciences examines the utility of linking of satellite 

and survey data (Mendelsohn 1994; McCracken et al. 1999, 2002; Vance and Geoghegan 
2002; Muller and Zeller 2002; Munroe, Southworth, and Tucker 2002; Staal et al. 2002).  
In the context of tropical deforestation, many recent studies have combined survey and 
satellite data (Chomitz and Gray 1996; Pfaff 1999; Geoghegan et al. 2001; Rudel, Bates, 
and Machinguiashi 2002; Perz and Skole 2003; Chomitz and Thomas 2003).  Inconsis-
tencies in the units of analysis between satellite and survey data, however, can lead to 
potential interpretation errors (Rindfuss et al. 2003a; Brondizio et al. 1996, 2002).  The 
ability to evaluate and verify deforestation and land use data collected by survey is an 
important issue that has been overlooked (Rindfuss et al. 2003b).  Error exists in any data 
sample but can be minimized by careful survey design and the implementation of 
statistical techniques to test for and correct bias.  In addition, the comparison of an 
independent source of data can provide a powerful method for evaluating survey 
responses.  In this paper, we implement an approach to statistically validate survey-
derived estimates of deforestation with remotely sensed land use data incorporated into 
geographic information systems (GIS).  

 
While household-level observations are also used to assess data collected through 

remote sensing, our goal is to evaluate possible falsified or erroneous responses in house-
hold reported values of deforestation.  Relatively large landholdings in Ouro Preto do 
Oeste, Rondônia, provide the opportunity to merge satellite and survey data using the 
household as the common unit of analysis.  Landholdings in this study area average 71 
hectares (a minimum of 10 and a maximum of 325), and therefore are large enough to 
analyze with Thematic Mapper (TM)-derived land cover data with a spatial resolution of 
30 meters.   
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We begin our study with a review of current research examining data measurement 
error.  Next, we examine the geography and settlement history of the survey area.  The 
methodology section identifies data sources, discusses data processing, and then 
describes the application of the reliability index to our data.  Based on our results, we 
then estimate response error, correct for bias, and develop a methodology to improve 
survey responses. 
 
2.  MEASUREMENT AND RESPONSE ERROR 

 Data errors in the form of inaccurate responses by subjects, erroneous data entry, or 
miscoding are common in the various stages of data collection.  These issues generally 
fall under “classical measurement error” and are often ignored in statistical analyses if the 
inaccuracies are unrelated to the error term or uncorrelated with the true value of the 
variable (Aiger 1973; Hyslop and Imbens 2001; Bollinger 2001).  Alternatively, if auto-
correlation or collinearity results from misreporting, errors cannot be treated as random in 
statistical analysis because the results can over- or under-estimate the magnitude of the 
relationship between the true variables and the regressors (Messonnier et al. 2000; 
Bollinger and David 1997).  Such survey response bias can lead to erroneous empirical 
results and misguided policy suggestions.  
 

Studies on the estimation of survey response bias have focused on the verification of 
interview data, in particular on responses to questions on sensitive topics and income 
(Bound and Kruger 1991; Bollinger and David 1997; Bollinger 1998, 2001).  For 
example, it is often assumed that respondents have an incentive to underreport illegal 
drug use, criminal history, and embarrassing medical conditions.  Validity studies 
estimate this bias using external criterion information such as official records or drug test 
results (Marquis et al. 1986).  By applying the reliability index developed from these 
studies, we test the validity of our survey responses on deforestation with measurements 
obtained from satellite images.  Satellite data are used as the criterion data (or 
comparison) in the calculation of the reliability index since they are collected from an 
objective source and because we believe that households may not accurately report 
deforestation since it is illegal to clear more than 30 percent of the landholding. 

 
 The model of measurement error used in this analysis is based on Marquis, Marquis, 
and Polich (1986) and Bound and Kruger (1991).  Reported values of deforestation for 
household i, Di are assumed to equal the true value, Ti plus an error, ei: 
 
(1) Di = Ti + ei. 

In the case of classical measurement error, it is assumed that ei is the random response 
error, uncorrelated to the true and criterion values of the variables, and has an expected 
value of zero and variance of . )(2 ieσ
 

Our objective is to determine whether any measurement error is of the classical form 
or correlated with the error term, and whether the estimates of the dependent variable are 
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biased.  We do this by estimating the measurement error with regression analysis and 
identify any observable correlates.  Unlike previous studies on measurement error and 
response bias in which non-response and missing data often result in errors, data meas-
urement error exists for all respondents in our sample due to rounding, differences in 
reported units of measurement, and the minimum spatial resolution of the satellite sensor.  
Land use derived from TM reports area in square meters, while respondents answered in 
hectares, a much larger and therefore less precise measurement.  Additionally, 
deforestation derived from satellite imagery is limited by the platform’s (TM) spatial 
resolution, which is 30 meters.  Thus, pasture, secondary forest, and primary forest 
fragments less than 900 square meters are not differentiated and are represented by a 
single land use value.  For example, a household that reported 40 hectares (400,000 m2) 

of deforestation might have 399,600 m2 of cleared land according to the classified 
satellite image.  Therefore, due to the use of different units of measurement and the 
constraint of the sensor’s spatial resolution, none of the observations were found to 
contain exact matches. 

 
 The criterion values of land cover for household i, Ci are assumed to equal the true 
value, Ti plus an error, vi.  Although our satellite-derived values are used as the criterion 
data, they may also contain error caused by misclassification, data entry errors, coverage 
misalignment, and map inaccuracies caused by survey changes.1  Again, these errors are 
expected to have a value of zero and variance of :   )(2 ivσ
 
(2) Ci = Ti + vi. 

The most frequently implemented test of data quality is the reliability index, R.  In 
this context, the index is the ratio of the variance of the true values of deforestation and 
the variance of the values reported in the survey.  When no error exists, this value is 
equal to one.  Since the true values are unknown, R̂  is estimated as the ratio of the 
covariance of the criterion and survey data and the variance of the values reported in the 
survey.  R̂ is derived from equations 1 and 2 assuming that vi and ei are uncorrelated with 
each other and Ti.  Under this assumption  (the variance of the true values) and 2σσ TDC =

 

(3) 2
D

DCσˆ
σ

=R  

 
3.  STUDY AREA AND SURVEY ADMINISTRATION 

Rondônia is located in the southwestern Amazon basin of Brazil (Figure 1).  The 
state includes the northwestern portion of the Serra dos Parecis and is characterized by 
elevations between 50 and 1,000 meters, although most elevations are below 300 m.   

                                                 
1 This is discussed in greater detail in the methods section of the paper.   
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FIGURE 1:  Map of the Survey Site in Ouro Preto do Oeste, Rondônia, Brazil 

 
 
Climate is classified as humid equatorial with a dry winter season.  Average annual tem-
perature is above 25ºC, and annual precipitation totals over 2,200 mm. (Peterson 2003). 

 
The Ouro Preto do Oeste region of Rondônia is located along the Cuiabá-Porto 

Velho highway (BR-364) that traverses north-south through the state (Figure 1).  Six 
municipalities comprise the study region:  Ouro Preto do Oeste, Vale do Paraíso, 
Urupá, Mirante da Serra, Nova União, and Teixeirópolis.  These municipalities have a 
combined population of greater than 92,000, of which 58 percent is rural.  Most urban 
population (68 percent) is concentrated in the municipality of Ouro Preto do Oeste.  
Major roads in the municipalities are paved, although secondary roads leading to most 
households remain unpaved and difficult to navigate during the rainy season.  Year-
round bus service is available along BR-364 and many major side roads.   

 
Large-scale migration to Ouro Preto do Oeste began in the early 1970s as part of the 

government colonization program Operation Amazonia.  Considered a model coloniza-
tion project, the original land subdivisions included lots for 500 families.  However, by 
1974, 4,000 families had settled in the city and surrounding region.  The lots, averaging 
100 hectares, were planned along a square grid (creating secondary roads along bounda-
ries) with little consideration for topography, hydrology, soil type, or additional environ-
mental constraints.  During the 1980s, the World Bank-sponsored project POLONO-
ROESTE paved BR-364, providing greater access to the region attracting further in-
migration.  During settlement, colonists were able to establish informal property rights by  
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burning or “improving” up to one-half of their landholdings.  Laws now limit “improve-
ments” to a maximum of 30 percent of lots, although many households continue to clear 
more than the allotted percentages for agriculture and pasture (Caviglia 1999; Alves et al. 
1999; Fearnside 2001; Caviglia-Harris 2004).   
 
4.  METHODOLOGY:  DATA AND GIS PROCESSING  
 

The data used in the analyses include a stratified random sample of households 
surveyed in 1996,2 classified satellite land use data for these households in the same year, 
and a geographic information system polygon coverage of the individual landholdings in 
the study area.  The survey data include a sample of households interviewed over a five-
month period (September 1996 through January 1997), stratified by the rural population 
of each of the six municipalities and uniformly distributed over space in the 
municipalities (Figure 2).  The distance between individual lots was designed to represent 
the municipalities’ rural population equally and to obtain spatial variation in topography, 
soil type, and distance to market.  Survey questions were designed to examine household 
decisions related to land use and collect information on household and lot characteristics, 
agricultural production, household income, and the use of agroforestry techniques.3  

 
Land use data were obtained from classified Thematic Mapper (TM) satellite imagery 

and verified based on in situ ground truth and digital airborne videography.4  Land use 
was categorized into eight classes:  primary forest, second growth forest, pasture, green 
pasture, clouds, urban/soil, burn (pasture), and rock/savanna (Figure 3) (see Roberts et al. 
2002).  Land cover accuracy exceeded 85 percent in all classes, and therefore we were 
confident in imagery’s ability to distinguish between primary forest cover (primary 
forest) and the non-forest classes (second growth forest, pasture, green pasture, clouds, 
urban/soil, burn (pasture), and rock/savanna), the fundamental difference examined in our 
research question.   

 
The GIS polygon coverage of landholdings in the region was digitized from a paper 

map produced during the settlement period by the Brazilian National Institute of Coloni-
zation and Agrarian Reform (Instituto Nacional de Colonização e Reforma Agrária – 
INCRA).  GIS processing began with the identification of surveyed lots within the poly-
gon coverage and the assignment of a unique identifier to the interviewed lots in the 
attribute table (Figure 2).  Once the surveyed lots were identified, area calculations 
derived from the  coverage were  compared to responses collected as part of the interview  

                                                 
2 The 1996 data collection was supported by grants from the National Security Education 
Program, the Organization of American States, the Institute for the Study of World Politics, and 
the McClure Fund Foundation. 
3 See Caviglia (1999), Caviglia and Kahn (2001), and Caviglia-Harris (2004) for further details. 
4 The 1996 Rondônia classified mosaic of land cover was obtained from Dar Roberts, Department 
of Geography at the University of California, Santa Barbara, and principle investigator of “Hyper-
spectral Analysis of Landcover in Rondônia,” part of the Large-Scale Biosphere-Atmosphere 
Experiment in Amazonia (LBA). 
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FIGURE 2:  Landholdings in Ouro Preto do Oeste Region:  
Interviewed Households Highlighted 

 
 

process.  Of the 171 surveyed lots, 39 varied by more than 25 percent (or 10 hectares, 
whichever was smaller) and were eliminated from the sample, resulting in a sub-sample 
of 132 observations.   

 
Several issues identified in the comparative process explain lot size differences and 

errors.  One type of error is attributed to the subdivision and/or aggregation of individual 
farm lots that occurs when land is sold or bequeathed to family members.  The initial lot 
size of 100, 50, or 25 hectares changes to a percentage of the initial allotment and does 
not correspond to the INCRA colonization map.  Error also stems from the reality that the 
“usable” lot area does not always conform to the surveyed boundaries.  Rocky outcrops 
and wetland areas cannot be cultivated and are often omitted when summing reported 
land area during the interview process.  In addition, landholdings of 100 hectares 
(reduced to  50  and  25  hectares  in  the 1980s) were first  distributed  to  households  by  



The Review of Regional Studies, Vol. 35, No. 2, 2005, pp. 187–205 194 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

FIGURE 3:  Landcover in the Ouro Preto do Oeste Region 
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FIGURE 4:  Landcover in Interviewed Lots: Ouro Preto do Oeste Region  
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INCRA according to the grid-like colonization map that ignored the true nonlinear posi-
tions of roads, hydrographic features, and topographical irregularities related to rock out-
crops.  As a result, actual lot sizes as reported by the surveyed inhabitants may differ 
from sizes derived from the INCRA map.  Spatial data constraints also introduce errors 
into lot size calculations.  The GIS coverage was digitized from a paper map with a very 
small scale (1:100,000).  The inherent instability of the paper medium (e.g., expansion 
and contraction due to humidity changes and use), coupled with small lot sizes in the 
municipality Urupá, introduces significant distortions in certain lot size measurements. 

 
Once the sub-sample of 132 lots was extracted, survey reported forest and non-forest 

areas were appended to the associated lots in the GIS coverage’s database.  Next, the 
classified land use mosaic was converted from a raster image to a GIS polygon coverage 
and clipped by the boundaries of the interviewed lots (Figure 4).  The resulting land cover 
classes were aggregated into two categories: forest and non-forest.   

 
 Primary forest is defined in the survey data as any area of forest that has not been 
cleared since occupation (and does not include secondary growth forest) but may include 
intercropping that requires a forest canopy.  Primary forest in the satellite-derived data 
corresponds to dense tropical forest (Roberts et al. 2002).  In our research context, defor-
estation is defined as primary forest that has been cleared for pasture and agriculture.  In 
the survey data, this includes pasture, crops, land in fallow, and homes, while satellite-
derived land cover classes include pasture, green pasture, burned pasture, second growth 
forest, and urban land.   

 
 Table 1 provides a brief overview of the demographic and physical characteristics of 
the sub-sample data used in the verification process.  In the sample, the average age of 
the head of household is 48 years, and this individual has about 2.5 years of education. 
Approximately nine people live on each lot, and the residents have lived on the lots for 
11 years.  Each lot is almost 70 hectares in size, of which nearly 50 hectares is deforested, 
with the remaining area in forest cover.  These households earn R$7,000 (US$3,000) per 
year, possess over 60 cattle, and on average own less than one vehicle.   
 
5.  EMPIRICAL ANALYSIS 
 
     The primary question of survey response accuracy is analyzed using the sub-sample of 
132 landholdings.  We investigate the quality of our survey responses using the reliability 
index to examine the differences between reported deforestation and forest cover.  These 
classes were examined individually because these land uses are not mutually exclusive in 
the satellite data.  The satellite data lot size includes a more detailed classification, 
including eight categories that were aggregated into four classes, deforestation, forest 
cover, rock, and savanna.  Alternatively, the sum of the deforestation and forest cover in 
the survey data did sum to total lot size.   Due to this difference and differences in the lot 
size between the samples, the reliability of these two land classifications were calculated 
individually. 
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TABLE 1 

Variable Definitions and Descriptive Statistics for the Sub Sample 
Variable Definition Mean (n = 132) Standard Deviation

Education education of the household head, in years 2.48 2.91 
Age age of the household head, in years 47.64 12.96 
Family number of family members residing on 

the lot 8.51 6.33 
Years on Lot number of years the household has 

resided on the lot 11.30 6.64 
Distance distance from the city center (or highway 

BR-364), kilometers 48.44 23.67 
Total Income total yearly household income, 2000 

reais5 6957.01 6665.23 
Vehicles Owned number of motorcycles, cars, and trucks 

owned by the household 0.40 0.63 
Cattle number of cattle owned by the household 63.46 59.57 
Reported Lot Size lot size reported by the household, in 

hectares 69.31 32.45 
GIS Lot Size lot size, calculated in GIS from satellite 

images, in hectares 68.45 31.01 
Reported 
Deforestation 

deforestation reported by the household, 
in hectares 52.42 28.86 

GIS Deforestation deforestation, calculated in GIS from 
satellite images, in hectares 49.64 27.74 

Reported Forest 
Cover 

forest cover reported by the household, in 
hectares 16.89 15.30 

GIS Forest Cover forest cover, calculated in GIS from 
satellite images, in hectares 18.81 14.29 

 
 

The reliability of the deforestation responses is estimated to be 83.3 percent, well 
above the 70 percent cutoff suggested to identify problem variables (Marquis, Marquis, 
and Polich 1986; Bound and Krueger 1991).  Alternativley, the reliability of reported 
forest cover is only 52.5 percent, suggesting that sufficient error exists to warrant 
suspicion about the quality of these data.6    

                                                 
5 Inflation rates are based on the annual average consumer price index (World Economic Outlook 
May 1999 and May 2000, IMFund, Washington D.C.).  In 2000 US$1 was approximately equal to 
R$1.83 according to the National Trade Data Bank, U.S. Department of Commerce. 
6 The reliability index relies on the assumption that the errors between the two estimations of 
deforestation are uncorrelated.  Since these deforestation measurements are obtained independ-
ently with expected errors attributed to different causes, we do not believe this assumption to be 
violated. 
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Since the reliability indices suggest that data improvements are possible, we begin by 
estimating deforestation and primary forest, based on variables defined in Table 1.7  
Differences between the two estimations are the dependent variables, measured by the 
survey response and satellite, and the independent variable size of the lot, again measured 
by the two means.  We find the estimates using satellite data to be slightly more efficient 
and to contain fewer significant variables (Table 2).8  We also use a Wald test and find 
the coefficients of the regressions of deforestation and forest cover to be significantly 
different for the two data sets. 

 
 An important implication of these models is that the policy recommendations based 

on results would differ significantly depending on the dependent variable chosen.  For 
example, in the estimation of deforestation using the household reported level of defor-
estation, we find that education is a significant determinate of deforestation.  Those 
households with higher levels of education have deforested significantly less of their lots.  
This implies that programs that target improvements to the education system may also 
result in reducing deforestation levels.  However, this is not the case if one examines the 
estimations based on the satellite data.  Additional independent variables are found to 
significantly impact forest cover and deforestation.  For example, policies to reduce the 
incentive to own cattle and produce beef and dairy products are likely to aid in reducing 
deforestation according to both models.  In addition, income and wealth (as measured by 
the ownership of vehicles) are both positively related to deforestation according to the 
satellite data, implying that improvements in household welfare may also result in 
increased levels of deforestation.   

 
 Since the estimations of deforestation using the survey and satellite data are signifi-
cantly different, we next analyze the determinants of the error.  We estimate the net 
measurement error, defined as the absolute value of the difference between the survey 
and satellite values for deforestation, forest, and lot size using the same variables as in the 
deforestation models (Table 2).  Specifically, we test for systemic differences in 
household characteristics that lead to differences in reported data.  The mean error is 11 
hectares for deforestation levels, 10 for forest, and 5 for the total lot size.  The strongest 
indicator of error in each regression is lot size.  In other words, as an individual’s lot area 
increases, the accuracy of their reported data decreases.  We do not find survey error to 
be significantly influenced by any variables indicating purposeful manipulation (e.g., 
education)  but  rather find variables  demonstrating the owner’s lack of knowledge about 

 
7 The variables included in the deforestation model are determined by the estimation of the derived 
demand for land for these households that serve as both consumers and producers of goods.  See 
Caviglia-Harris and Sills (2005) for the conceptual framework. 
8 Lot size is an exogenous variable in this context since settlers were originally assigned lots 
during the occupation period.  Some lots have changed hands through generations, and several 
were sold.  However, a majority of the occupants in the 1996 survey were original settlers.  Since 
1996 a more developed land market has been noted, although still in the initial stages (Caviglia-
Harris 2004).   
 



TABLE 2 

Estimations of Deforestation and Measurement Error 

 

Deforestation 
(in hectares) 
Survey Data 

Deforestation 
(in hectares) 
Satellite Data 

Measurement Error 
Deforestation 
(in hectares) 

Measurement Error 
Primary Forest 
(in hectares) 

Measurement Error
Lot Size 

(in hectares) 
Constant 18.33***

(7.19) 
20.58**

(6.93) 
-8.58 
(5.79) 

-5.52 
(5.36) 

3.20 
(2.35) 

Education -0.93**

(0.41) 
-0.61 
(0.38) 

0.24 
(0.33) 

0.38 
(0.31) 

-0.01 
(0.13) 

Age -0.04 
(0.09) 

-0.03 
(0.08) 

0.12*

(0.07) 
0.08 

(0.07) 
-0.02 
(0.03) 

Family 0.17 
(0.19) 

-0.22 
(0.18) 

-0.02 
(0.15) 

-0.11 
(0.14) 

0.01 
(0.06) 

Years on Lot -0.67***

(0.19) 
-0.12 
(0.18) 

-0.16 
(0.16) 

-0.14 
(0.14) 

-0.05 
(0.06) 

Distance -0.15**

(0.06) 
-0.23***

(0.06) 
0.07 

(0.05) 
0.04 

(0.05) 
-0.02 
(0.02) 

Total Income -0.00 
(0.00) 

-0.00*

(0.00) 
0.00 

(0.00) 
0.00* 

(0.00) 
0.00 

(0.00) 
Vehicles Owned 2.45 

(1.94) 
3.44* 

(1.82) 
-0.12 
(1.57) 

-0.01 
(1.45) 

0.06 
(0.64) 

Cattle 0.09*** 

(0.03) 
0.07***

(0.02) 
-0.03 
(0.02) 

-0.05**

(0.02) 
-0.02*

(0.00) 
Reported Lot Size 0.65***

(0.05)  0.17***

(0.04) 
0.18**

(0.03) 
0.07***

(0.02) 

GIS Lot Size  0.63***

(0.05)    

C
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ata                199 

R-Squared .84 .85 .21 .24 .22 
Adj R-Squared .83 .84 .15 .19 .16 
Observations 132 132 132 132 132 
*, **, *** indicate significance at the 10 percent, 5 percent, and 1 percent levels, respectively; standard errors in parenthesis. 
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the lot to be key determinants.  We expected households to overreport primary forest due 
to recent legislation making it illegal to clear and/or burn more than 30 percent of the lot. 
However, we found most households underreported forest levels and overreported defor-
estation, contradictory to what Walker, Moran, and Anselin (2000) presume. 
 

Since we identify at least one variable that is strongly and consistently related to 
error, we use the results of the estimations of the errors to derive weights to improve the 
survey responses about deforestation and forest cover.  Survey weights are commonly 
used to correct for unbalanced data or to undo disproportional endogenous sampling 
(Fitzgerald, Gottschalk, and Moffit 1998; Nevo 2003).9  They are generally calculated to 
ensure that some characteristic of the sub-population is similar, on average, to the full 
population.  For example, if the sub-population includes a cohort that consists of 30 per-
cent of the population but only 10 percent of these individuals are represented in the sub-
sample, a weight can be calculated to increase the representation of these individuals pro-
portionally.  We calculate a weight in a similar manner, by accounting for the increased 
error attributed to lot size.  We use the regression coefficients found in Table 2 to esti-
mate errors for the reporting of deforestation and forest cover by each household and 
apply these values in the weighted least squares estimation of deforestation and forest 
cover for our entire sample of 171 observations (Table 3).10   

 
 Using defined weights, we re-estimate non-forest and forest using our full sample and 
find the explanatory power of the regressions to increase (although efficiency of the 
estimators slightly decreases) (Table 3).  The estimation results suggest the error in 
reported land use leads to an overestimation of the importance of lot size in non-forest 
land and an underestimation of the importance of household and lot characteristics such 
as age and income, distance to the city center, and wealth (in the form of vehicles and 
cattle).  We also find that the influence of lot size, age, education, and distance to city 
center on forested land are underestimated with the uncorrected data.  We recalculate the 
reliability index using the corrected data and find that the index increases to 91.7 for the 
non-forest data and to 77.2 for the forest data.11  Note, the corrected survey data indicates 
that household characteristics, particularly income, wealth, and education, are more 
important than if they were predicted with survey data or satellite data alone.  These 
results are particularly important to policy makers because they suggest different avenues 
to reduce pressure on tropical forests.  Since income and the welfare of households are 
suggested to be closely linked to deforestation, policy recommendations to reduce

 
9 There are two methods for correcting similar data problems noted in the literature.  The first is 
the use of instrumental variables (Marquis, Marquis, and Polich 1986; Bollinger 2001; Hyslop and 
Imbens 2001).  This method is appropriate when correlation exists between the measurement error 
and another variable such that independent information can be used to correct the variance-
covariance matrix.  Otherwise, weights can be used to correct for any resulting bias. 
10 The weight for the estimation of deforestation is therefore calculated as:  weight = -8.58 + 
Education * 0.24 + Age *0.12 + Family * -0.02 + Years on lot * -0.16 + Distance * 0.07 + Total 
Income * 0.00 + Vehicles * -0.13 + Cattle * -0.03 + Reported Lot Size * 0.17. 
11 Again, this reliability index is based on the assumption that the errors are uncorrelated.   
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0.21 
0.10 

0.21 

Std.Err. 

2.04 

 
TABLE 3 

Re-Estimation of Land Cleared and Primary Forest – Corrected Models 
  Estimations of Deforestation (in hectares)  Estimations of Primary Forest (in hectares)
 Survey Data Corrected Survey Data Survey Data Corrected Survey Data
 Coeff. Std.Err. Coeff. Std.Err. Coeff. Std.Err. Coeff. 
Constant 19.79*** 6.04 27.92*** 7.47 -19.79*** 6.04 -29.05*** 7.28 
Education -1.14*** 0.40 -2.02*** 0.47 1.14*** 0.40 2.05*** 0.46 
Age -0.10 0.09 -0.16 0.10 0.10 0.09 0.17 
Family 0.12 0.18 0.17 0.20 -0.12 0.18 -0.20 
Years on Lot -0.25 0.18 -0.26 0.21 0.25 0.18 0.25 
Distance -0.14*** 0.05 -0.12** 0.06 0.14*** 0.05 0.13** 0.06 
Total Income -0.00** 0.00 -0.00*** 0.00 0.00* 0.00 0.00*** 0.00 
Vehicles Owned 3.64** 1.83 5.60*** 2.05 -3.64** 1.82 -5.70***
Cattle 0.11*** 0.02 0.16*** 0.02 -0.11*** 0.02 -0.17*** 0.02 
Reported Lot Size 0.61*** 0.03 0.55*** 0.03 0.39*** 0.03 0.47*** 0.03 
R-Squared .89  .91  .56  .71 

Observations 171  171  171  171 
Adj R-Squared .88  .90  .53  .70 

*, **, *** indicate significance at the 10 percent, 5 percent, and 1 percent levels, respectively. 
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pressure on forests that contain programs to maintain or improve current welfare levels 
are likely to be more successful.   
 
6.  CONCLUSIONS 
 

Research on the underlying causes of deforestation has been undertaken at the 
national, state, municipal, and household scales (see Barbier and Burgess 2001; 
Kaimowitz and Angelsen 1998; Rudel, Bates, and Machinguiashi 2002 for reviews).  The 
use of deforestation data collected at various scales, from different sources, is becoming 
more common, thus providing greater opportunities for researchers to evaluate and vali-
date data sources.  Previous studies of deforestation that combine satellite and survey data 
at a more macro scale have found roads, agroclimate conditions, and government policy 
to be major determinants of deforestation in the Amazon (Chomitz and Gray 1996; Pfaff 
1999; Chomitz and Thomas 2003; Geist and Lambin 2001).  We identify several deter-
minants of deforestation at the household level, including distance to markets and indi-
cators of household welfare.  More importantly, we find that additional determinants are 
identified when our data are corrected, leaving us to recommend that similar processes be 
established in future research to better inform policy. 

 
In testing the reliability of a stratified random sample of household responses on 

deforestation and forested land, we find the reported survey data to be reliable when veri-
fied against satellite imagery of the same landholdings.  This result is encouraging for 
research conducted in developing regions, which is often dependent upon self-reported 
survey data.  Additionally, it appears that survey error is not significantly influenced by 
any variables indicating purposeful manipulation.  Most error is found to be attributable 
to variables indicating a lack of knowledge about very large landholdings.  Our findings 
therefore support the notion that households answered the land use survey questions 
truthfully using their best available knowledge.   

 
The analysis also suggests that the utilization of an independent source of data such 

as satellite imagery can improve data reliability and estimations.  The major influences of 
survey error were identified using the GIS estimates and corrected using the error esti-
mates.  We find that the uncorrected estimations of deforestation underestimate the 
importance of some household characteristics while overestimating the impact of the 
landholding size.  These results are significant for policy makers because the corrected 
data may suggest a shift in policy focus.  Rather than directing policy as reducing the 
impact and accumulation of cattle in the region, the results suggest that investment in 
human capital may also help reduce pressure on these forests.   
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