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Abstract 

Soybean production is one of the main economic forces driving the expansion of the agricultural 

frontier in the Brazilian Amazon. To assess the potential for expansion we estimate a model of 

soybean yield that integrates the major climatic, edaphic, and economic determinants in the 

Amazon Basin. Yield is modeled as a function of yield as simulated by a crop physiology model 

that captures the effects of climate and physical attributes on the development of soybean plant; 

fertilizer applications; and economic/spatial parameters such as credit, transports costs and 

latitude. Current values of these determinants indicate that roughly 20 percent of Amazon Region 

or ~ 1,000,000 square kilometers (excluding protected areas) can generate yields greater than 

2,000 kg/ha. Soybean production may be possible over a wider area of Amazon, but realizing 

this potential requires improvements in economic determinants such as the transportation 

infrastructure.  
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1. Introduction 

Mad cow disease, Chinese economic growth, and high prices pushed global soybean production 

from 117 million metric tons in 1992 to 190 million metric tons in 2004 (USDA-FAS, 2004).  

Much of this increase occurs in tropical regions, including the Amazon Basin.  In Brazil, soybean 

plantings increased from 115,847 km2 in 1990 to 215,972 km2 in 2004 and annual production 

increased from 20 to 50 million tons.  Because of these increases, Brazil is the world’s second 

largest producer of soybeans, supplying 27 percent of the world total, second only to the United 

States, which supplies about 35 percent (USDA-FAS, 2004; IBGE, 2005). 

Of the Brazilian total, about 33 percent (16.3 million tons) is harvested in the Legal Amazon2 

(CONAB, 2003; IBGE, 2005), principally in Mato Grosso State, which is covered largely by 

savannas (Cerrado) and to a less extent by transition forests. In the Cerrado region (Center West 

Brazil), expanding production is powered by the development of cultivars suited for hot humid 

conditions and the application of fertilizer and limestone, which raised yields to about 3,000 

kg/ha (EMBRAPA-SOJA, 2002).  Such yields are economically viable due to the Brazilian 

Government’s last three pluriannual plans (“Avança Brasil”, “Brasil em Ação”, and Brasil um 

País de Todos”), which improved transport networks and associated infrastructure (e.g. ports, 

waterways, and hydroelectric power plants).  Reducing transport costs encourages private 

investments in the agricultural frontier (Pfaff, 1996; Nepstad et al., 2000; Carvalho et al., 2001; 

Nepstad et al., 2001; Carvalho et al., 2002).    

In Brazil, the benefits of increased soybean production include increased export earning and 

local employment.  Social costs include the replacement of local communities by capitalized land 

                                                 
2 The Legal Amazon is a geopolitical division that includes nine Brazilian States located in the Amazon Region. 
These States are Amazonas, Acre, Amapá, Maranhão, Mato Grosso, Pará, Rondônia, Roraima, and Tocantins.  
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buyers3 and an increase in income concentration (Fearnside, 1997, 2001).  Environmental costs 

include the loss of forest area and biodiversity and increased emissions of greenhouse gases. 

The importance of these costs and benefits begs the question, how much more land will be 

converted to soybean agriculture?  The answer depends on rents for soybean production, which 

are determined by the price of soybeans, yield, and production costs.  Here, we develop an 

interdisciplinary model that simulates the climatic, edaphic, and economic determinants of 

soybean yields.  When complete, this model can assess spatial variations in the economic 

viability of soybean production in the Brazilian Amazon and the degree to which expanded 

plantings can be influenced by the government. 

The model for soybean yields in the Brazilian Amazon is described in five sections.  Section 2 

describes previous efforts to estimate yields, with a special emphasis on interdisciplinary models.  

The third section describes the data and techniques that are used to estimate our interdisciplinary 

model.  The fourth section describes the results.  The final section evaluates the degree to which 

our results are consistent with empirical observations.   

2. Background 

Soybean yields are determined by the climatic, edaphic, and economic environment.  Economic 

conditions in the Amazon Basin may be more important than their role in developed economies 

because the poorly developed transportation network affects the price of purchased inputs such 

as fertilizer and the net price of soybeans to farmers.  Unfortunately, economic and physical 

determinants are addressed separately by existing methodologies.  Crop simulation models 

forecast yield by simulating crop physiology, which is driven largely by the climatic and edaphic 

                                                 
3 Three decades ago, the arrival of soybean crops at the South Brazil expulsed 2.5 million people from rural areas 
who practiced small-scale agriculture. These small farmers occupied new forest areas in the Center West and 
Amazon Regions (Fearnside, 1986, 1987).   
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environment.  But these models find it difficult to represent farmer decisions regarding the use of 

purchased inputs.  Regression yield models sometimes include a mix of economic and physical 

determinants, but the effects of climatic and edaphic determinants rarely are represented in a way 

that is consistent with crop physiology.  Because our method seeks to combine crop simulation 

and regression yield models, the following paragraphs summarize the strengths and weaknesses 

of each. 

2.1. Soybean crop simulation models 

Several crop models simulate physical, chemical, and biological processes in the soybean plant 

[Glycine max (L.) Merr.] as function of climate, soil, and crop management (Sinclair and 

Seligman, 2000).  The current generation of crop models include: the Soybean Growth Model, 

SOYBEAN, (Sinclair, 1986); the Soybean Simulation Model GLYCIM (Acock and Trent, 

1991); the Soybean Crop Simulator, SOYCROS, (Penning de Vries et al., 1992); and 

CROPGRO-SOYBEAN4 (Boote et al., 1998).  

SOYBEAN (Sinclair, 1986) uses daily weather data (solar radiation, minimum and maximum 

temperature, and precipitation) to simulate leaf area index, biomass accumulation, seed growth, 

and seed weights.  The SOYBEAN model is used to study the effect of water and nitrogen 

limitations on soybean grain production (Muchow and Sinclair, 1986; Sinclair, 1986), nitrogen 

accumulation and use by soybean plants (Sinclair et al., 2003), and the effects of weather on 

soybean yield (Sinclair et al., 1992). 

                                                 
4 SOYGRO (V4.2) was released initially by (Wilkerson et al., 1983), followed by the versions V5.0, V5.4, and 
V5.42 (Ritchie, 1985; Wilkerson et al., 1985; Jones et al., 1987; Jones et al., 1989). The most recent version 
released is CROPGRO-SOYBEAN (Boote et al., 1998).   
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GLYCIM simulates yield based on organ-level processes such as photosynthesis, transpiration, 

carbon partitioning, and organ growth and development.  Exogenous variables include data on 

climate, soil, and management practices, such as planting date, row spacing, and post-planting 

decisions such as irrigation scheduling, harvest timing, and yield prediction (Acock and Trent, 

1991).  The GLYCIM model is used to estimate yields at the county and state levels (Haskett et 

al., 1995).  Soybean growers that use GLYCIM report increases in soybean yield and irrigation 

use efficiency (USDA-ARS, 2005). 

SOYCROS also simulates the growth and production of soybean varieties based on crop 

physiology, agrometeorology, soil physics, physiological water stress, and the functioning of 

roots (Penning de Vries et al., 1992).  CROPGRO-SOYBEAN is a deterministic and mechanistic 

model that is designed to predict yield and the exchange of carbon, water, and nitrogen. To do 

so, CROPGRO-SOYBEAN simulates primary plant processes (phenological development, 

photosynthesis, respiration, plant water uptake, biomass growth and partitioning) as a function of 

environmental variables such as daily temperature, photoperiod, and soil water availability 

(Boote et al., 1998). CROPGRO-SOYBEAN is used to predict regional yield and production 

(Jagtap and Jones, 2002) and to study the effectiveness of alternative management regimes (Egli 

and Bruening, 1992), the effect of environmental conditions (Curry et al., 1995; Sau et al., 1999; 

Carbone et al., 2003; Mall et al., 2004), and genetic yield potential (Boote and Tollenaar, 1994).  

The model also is used to analyze spatial variations in yield (Allen et al., 1996; Paz et al., 1998) 

and to develop cultivar coefficients (Mavromatis et al., 2001). 

Crop simulation models are used to understand how crop systems operate at the daily/hourly 

temporal scale and at the plot/plant spatial scale.  Their main strength is the ability to simulate 

the interface between the plants and their physical environment and relate these conditions to 
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yield.  Despite these strengths, they are not widely used by farmers due largely to differences 

between public and private sector perceptions and difficulties associated with software designed 

for use by academic researchers (Welch et al., 2002). 

These difficulties are exacerbated by the on-going development of new cultivars, which can be 

simulated only after long and costly efforts to quantify the cultivar’s coefficients.  Constraints 

imposed by time, financial resources, and continuous “improvements” in cultivars prevent 

scientists from deriving cultivar coefficients from experimental growth analyses before cultivars 

are marketed (Mavromatis et al., 2001). Another more important restriction concerns the limited 

number of management practices that the models can represent and the lack of a connection to 

the large macroeconomic environment in which farmers operate (Kaufmann and Snell, 1997). 

2.2. Multiple regression yield models 

Multiple regression models usually estimate soybean yield as a function of climatic and/or socio-

economic variables.  Yield response models often are estimated from field data and can be 

grouped into four categories: (1) those that focus in the effect of environmental conditions, (2) 

those that emphasize physiological determinants, (3) those that use economic production 

functions, and (4) those that integrate physical and economic determinants. 

One set of regression yield models relate soybean yields to environmental variables such as 

agrometeorological variables and soil parameters (Ravelo and Decker, 1981; Garcia-Paredes et 

al., 2000). For example, maximum air temperature, potential evapotranspiration, and soil 

moisture account for more of the variability in soybean yields (R2=0.75) than other combinations 

of variables tested by Ravelo and Decker (1981).   For simplicity, these models often specify 

climatic conditions using monthly values even though the physiological development of soybean 

plants does not follow the human calendar.  For example, regression models indicate corn yield 
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is sensitive to temperature and rainfall in July, some portion of which corresponds to the 

phenological stage of seed filling, which is the stage that has an important effect on yield 

(Kaufmann and Snell, 1997).  Moreover, these regression models usually omit variables related 

to management decisions that influence the soybean yield. 

A second set of regression models forecast yield based on physiological characteristics of the 

soybean plant that are obtained from small plots.  At this scale, yield is closely correlated with 

the length of the seed-filling period, total dry matter, and plant height (Board et al., 1996; Board, 

2002).  These variables can be obtained easily from small plots; therefore these models are ideal 

for choosing among cultivars or genotypes.  However, inferences from these regression models 

are restricted spatially (Board, 2002).  Furthermore, these regression models exclude the effect of 

climatic conditions and management decisions on soybean yield.  

A third category of crop yield regression models emphasize the relationship between production 

system components (tillage, cultivar selection, planting-date strategies, area harvested, and 

fertilizers) and yield (Popp et al., 2002; Popp et al., 2003).  Models represent yield as a function 

of economic parameters and management practices.  These determinants allow users to compare 

crop yield and net returns from alternative production systems.  Because these models omit 

climate variables, which have an important effect on yield, their results suffer from omitted 

variable bias (Boyer, 1982).  

A fourth category includes multiple regression models that integrate physical, socio-economic, 

and environment determinants of yield. Hansen (1991) and Kaufmann and Snell (1997) estimate 

multiple regression models for corn yield. The former uses data for climate, management 

practices, and land characteristic to estimate corn yield and obtains consistent and statistically 
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significant results. The latter estimates yield by integrating climate data, which are specified for 

periods that correspond to phenological stages of development of corn, market conditions, 

technical factors, scale of production, and the policy environment.  The main innovation of this 

model is to simulate the effect of climate on corn yield in a way that is consistent with crop 

physiology while including the effect of the social environment.  (Chang, 2002) investigates the 

climate change’s impact on 60 crops of Taiwan by integrating climate, technology, management, 

and land.   

3. Simulating soybean yield: integrating physical and economic determinants 

We estimate an interdisciplinary model for soybean yield from census tract data for the Brazilian 

Amazon that integrates the ability of physiological models to simulate the climatic and edaphic 

determinants of soybean yield with the ability of regression models to simulate economic and 

spatial determinants.  Skipping ahead, the model is given by equation 1: 

YIELDi  =  β0 + β1 MYieldi + β2 TCosti  + β3 Crediti + β4 ln(Fertil)i + β5 Lati + β6 Longi + ui  (1) 

in which, Yield is the soybean yield (kilogram per hectare) at the midpoint of the census tract i, 

MYield is the average soybean yield (kilogram per hectare) simulated by the crop growth model 

SOYBEAN for census tract i, TCost is the least-accumulative-cost distance expressed in dollars 

per ton to ship soybeans from the midpoint of the census tract i to the nearest export port; Credit 

are total loans granted by grain trading companies and national banks to soybean farmers divided 

by the area planted in soybeans ($/ha), Fertil is the value of fertilizers including soil correctives 

such as limestone used to grow soybeans ($/ha), Lat is the latitude at the midpoint of the census 

tract i, Long is the longitude at the midpoint of the census tract i, and u is the regression error.  

The motivation and estimation technique for equation (1) is described below. 

3.1. Motivation 
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The effect of the climatic and edaphic environment on yield is represented in equation (1) using 

the yield that is forecast by the SOYBEAN model (MYield).  For this application, we simulate 

the SOYBEAN model with daily data for solar radiation, precipitation, minimum temperature 

and maximum temperature.  These data are obtained from the NCEP- NCAR reanalysis project, 

which uses climate models to interpolate spatially and temporally sparse ground-based measures 

(NASA/NCEP/NCAR, 2004).  Edaphic conditions are represented by rooting depth, which is the 

estimated depth to which root growth is unrestricted by physical or chemical impediments and is 

based on classes defined by the(FAO, 1990).  These data are obtained from a soil map at 

SOTERLAC (A Soils and Terrain Digital Database - SOTER) for Latin and Central America and 

the Caribbean whose original scale is 1:5,000,000 at 0.5o resolution for four depth categories 

(very shallow < 30cm; shallow 30-50 cm; moderately deep 50-150 cm; very deep > 150 cm) 

(ISRIC, 1998).  These categories are converted to values (e.g. 15 cm, 40 cm, 100cm, and 150 

cm) for use by the SOYBEAN model.  

The relationships among climatic and edaphic variables and yield probably are highly nonlinear 

and vary over the phenological development of the plant therefore, using the SOYBEAN model 

to calculate their effect probably is more effective than specifying climatic and edaphic variables 

in equation (1).  For example, the total water requirement of soybean plants is 450-800 

mm/cycle, but requirements vary during development. During the R1 (beginning bloom) and R4 

(pod filling) reproductive phases, soybean plants need 7-8 mm/day of water and any deficit 

during these phases affect physiology in a way that reduces yield (EMBRAPA-SOJA, 2002).  

Transportation costs play a fundamental role in the Brazilian soybean expansion because they 

account for about 30 percent of production costs (Vera-Diaz et al., 2004).  High transportation 

costs reduce the price of soybeans that farmers receive, which reduces the economic viability of 



 

 

10 

applying inputs such as fertilizer, etc.  Local prices for these inputs also are affected by high 

transportation costs, which increase the cost of inputs at the point of application and reduce their 

use.  Together, these effects imply that yield should be negatively related to transportation costs.  

Transportation costs vary greatly over the Amazon Basin because the road network is sparse. 

The ability of farmers to apply purchased inputs and the economic viability of their use is 

influenced by the availability of credit, which is issued by transnational grain companies and 

national banks (Fearnside, 2001; Alencar et al., 2004).  At planting, soybean growers often make 

forward sales to trading companies, such as Cargill, Bunge, ADM and AMaggi Group, in return 

for seed, fertilizer and crop protection products. These future contracts, which are known locally 

as green soybean contracts (“contratos de soja verde”), finance about 60-65 percent of soybean 

area that is cultivated in the state of Mato Grosso, which is the largest producer in the Amazon 

(Gasques, 2003; Cadier, 2004).  Increasing credits increase the quality and quantity of purchased 

inputs and promote investments in modern farm machinery.  Consistent with these effects, 

credits are expected have a positive effect on soybean production.  

From a physical perspective, the effect of fertilizers on yield is straightforward - increasing 

fertilizer applications increase yield. But fertilizer use and yield are jointly determined.  Farmers’ 

decisions about the rate of fertilizer applications depend on its marginal affect on rent, which is 

determined by the marginal effect on yield, the price of soybeans, and the price of fertilizers.  

Based on this economic calculus, farmers apply fertilizer to areas only where the value of the 

increased yield is greater than the cost of the additional fertilizer.  This simultaneity is addressed 

using instrumental variables (Section 3.2). 

Crop yield is also affected by the photoperiod or day-length.  Originally, Brazilian soybeans 

were cultivated between 20oS and 30oS because US cultivars adapted well to the local climate 
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and soil (EMBRAPA-SOJA, 2002).  Recent expansion into low-latitudes (< 25o) including areas 

near to the Equator is possible due to cultivars that include long-juveniles genes, which delay 

flowering and maturity. Without long-juvenile genes, soybean plants grown at low-latitudes 

flower too soon, which generates short plants that are difficult to harvest mechanically and have 

low yields (Hartwig and Kiihl, 1979; Sinclair et al., 2005). Despite gains, soybeans are short-day 

plants that are less productive in low latitudes therefore we include latitude to capture the 

positive effect of photoperiod on soybean yield.  Finally, the model specifies longitude to 

represent spatial variations in omitted variables.   

3.2. Estimation technique 

The two-way relationship between soybean yield and fertilizers violates a basic assumption of 

independence in OLS regression and therefore can lead to simultaneous equation bias.  To 

alleviate this potential source of confusion, we use an instrumental variables regression (IVR) to 

estimate the effect of fertilizer use on soybean yield.  The IVR generates a consistent estimator 

of the unknown coefficients of the population regression function when the regressor or 

dependent variable is correlated with the error term (u) (Stock and Watson, 2003). 

The instrumental variable seeks to isolate the movements in fertilizers that are exogenous to 

observed yield.  Consistent with this definition, equation (2) specifies instrumental variables that 

represent edaphic conditions, which influence the farmer’s willingness to apply fertilizer: 

ln (Fertil) = β0 + β1 Rdepthi + β2 pHi  + ui                           (2) 

in which Fertil is as defined as above, Rdepth is the soil rooting depth as described above, pH is 

the soil’s pH, and u is the regression error.  Data on soil pH are available at 0.5o resolution 

(ISRIC, 1998).   Values range from 3.9 (strongly acidic) to 8.6 (strongly basic).  Data on rooting 
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depth are reclassified as 1 = effective rooting depth greater than 50 cm and 0 = no-effective 

rooting depth less than 50 cm.  These categories are based on empirical studies, which indicate 

that rooting depth goes beyond 50 centimeters as the plant enters the reproductive flowering 

phase (Jones et al., 2005). The values for ln(Fertil) “predicted” by equation (2) are used as 

instruments to estimate equation (1). 

3.3. Data sources and data manipulation 

For all variables, we compile an estimation sample that includes 1996 information for eighty-

eight census tracts in the Brazilian Amazon where soybean production is the primary crop.  The 

average size of the census tracts is 490 km2 and ranges from 2 km2 to 4,422 km2 (Figure 1). 

These tracts are spatialized using ArcView software and each polygon is transformed to 

centroide, that is, each polygon center is depicted by its X and Y coordinate. 

Data for soybean yield (MYield) forecast by the SOYBEAN model are simulated using rooting 

depth and planting date data together with 1995-1996 daily climate data for precipitation 

(mm/day), maximum and minimum temperature (degrees K), and net downward solar radiation 

flux (Watts per meter squared).  The original data used to simulate the SOYBEAN model are 

converted to raster format with spatial resolution of 1 km2.  We simulate the SOYBEAN model 

for 701 pixels that lie within the eighty-eight census tracts that are included in our estimation 

sample.  The output, soybean yield, for pixels that lie within each of the eighty-eight census 

tracts are averaged to generate a value for that census tract, which is used as MYield in equation 

(1). 

Soybean transport costs for the eighty-eight census tracts are obtained from Vera-Diaz et al. 

(2004). They use a least cost approach to determine the nearest soybean export port, as defined 
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by the lowest cost path.  This surface is generated from a road network (WHRC and ISA, 2000) 

and a land use layer (Eva et al., 2002).  Transportation costs are measured in dollars per ton. 

Data for yield, fertilizer use, credits, and planting date are obtained from the 1995-1996 Census 

of Agriculture, which reports physical and economic data on inputs used and outputs generated 

by Brazilian farmers within census tracts (IBGE, 1996). We recognize that the age of these data 

limits the size of the sample. However, more recent data for census tracts are unavailable. 

Nonetheless, the 1995-1996 Census data is relevant because it includes roughly 40 percent of the 

current soy acreage in Legal Amazon (59,797 square kilometers in 2004) (IBGE, 1996, 2005).  

4. Results and discussion 

4.1. Instrumental regression for fertilizer requirements 

Farmers in forty-one of the eighty-eight census tracts apply fertilizers and limestone to soybeans, 

which implies that the natural log of fertilizer use is undefined for forty-seven census tracts.  As 

a result, the instrumental variable equations (equation 2) and the interdisciplinary yield model 

(equation 1) are estimated from forty-one observations.  We recognize that this is a small sample.  

Unfortunately, there is no empirical evidence that a linear specification can be used to represent 

the effect of fertilizer use on soybean yields. 

The coefficient associated with Rdepth in equation (2) is positive (Table 1), which indicates that 

farmers apply more fertilizer to deep soils.  Ceteris paribus deep soils support higher yields than 

their shallower counterparts; therefore, at the margin an increase in fertilizer use probably 

generates a larger increase in yield on deeper soils.  The larger marginal product would increase 

applications on deep soils. 
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The coefficient associated with pH is positive (Table 1), which indicates that farmers apply more 

fertilizer to basic soils.  A positive relationship with pH can be explained by the higher cation 

exchange capacity of basic soils.  Everything else being equal, the high cation exchange capacity 

of basic soils allows them to store fertilizer more effectively than acidic soil, and this increases 

the marginal product of fertilizer applications.  Notice that this explanation runs counter to a 

simple physical explanation in which lower cation exchange capacity of acidic soils lowers their 

nutrient content.  Following this logic, acidic soils “need” more fertilizer to achieve the same 

yields as a less acidic soil.  In other words, these regression results indicate that decisions about 

fertilizer applications are based on economic criteria, not physical criteria.  

Rooting depth and pH account for about 21 percent of the variation in fertilizer use among 

census tracts.  Consistent with this relatively low R-squared, the F statistic for equation (2) is 5.1.  

Values below 10 generally indicate that the instrumental variables are weak.  Under these 

conditions, the usual t-tests on the second stage regression coefficients can not be evaluated 

accurately against a standard normal distribution (Staiger and Stock, 1997).  We do not believe 

that weak instruments cloud the interpretation of estimation results for equation (1).  As 

described below, the t statistic that tests the null hypothesis that fertilizer use has no effect on 

soybean yields is much larger than the critical value at the five percent threshold. 

4.2. Estimate of soybean yield model 

The vector of climatic, edaphic, economic, and spatial variables accounts for about 48 percent of 

the variation in yield among the forty-one census tracts (Table 2).  The coefficients all have signs 

that are consistent with theory.  The positive sign associated with MYield indicates that climatic 

and edaphic conditions, which increase a plants’ physiological ability to produce seeds, increase 

yield.  The value of β1 is .073, which indicates that at the margin, changes in climatic and 
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edaphic conditions that increase potential yield by 1 kilogram per hectare increase observed yield 

by about 73 grams.  One explanation for this relatively low crop yield potential is lack of hybrids 

that can tolerate high levels of aluminum and iron that are present in local soils and relatively 

high levels of disease (Leibold et al., 2001).  Another explanation focuses on an assumption that 

is implicit in the SOYBEAN model − optimal management.  If farmers do not apply the required 

inputs, these inputs limit yield in a “Liebigian sense, and regional variations in non-limiting 

factors, such as climatic and edaphic conditions, will have a relatively small effect on yield. 

The sign on β2 in equation (1) indicates that transportation costs (TCost) have a negative effect 

on yield.  The poor road network in the Amazon Basin increases the costs of shipping soybean, 

which reduces the rent that farmers receive, which in turn reduces the economic viability of 

applying inputs.  High transportation costs also increase the price of these agricultural inputs at 

the place of application, which also discourages their use. As described below, improving the 

transportation network can raise yields significantly. 

Fertilizer use (lnFertil) has a positive effect on yield.  Increasing fertilizers applications on 

soybean crops increase the number of seeds by unit of surface.  The application of fertilizer 

and/or lime is one of the main strategies used by soybean farmers to raise yield because most of 

soils in the Amazon region are acid and highly deficient in P, N, Ca, K, and Mg (Nicholaides et 

al., 1983). 

Latitude (Lat) also shows a positive effect on yield.  Consistent with the physiology of soybeans, 

the long days that characterize the early portion of the growing season in low-latitudes are not 

optimal for soybean production.  Over the last decade, savannas (Cerrado region) became the 

main agricultural frontier within Brazil due to the development of soybean grain varieties that are 

adapted to low-latitudes and hot-humid tropical conditions. 
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Finally, the positive effect of longitude (Long) on soybean yield indicates that ceteris paribus, 

soybean yields increase from east to west.  We cannot identify a climatic or physiological basis 

for this effect.  Rather, we speculate that this effect represents an omitted variable that varies 

systematically in an east-west direction or the effect(s) of spatially biased estimates for variables 

that are included in the SOYBEAN model or equation (2). 

The relative importance of climatic, edaphic, and economic determinants is quantified by 

generating four “predicted” values for soybean yield in which observed values are used for all 

but one of the independent variables.  The change in the residual sum of squares is used to 

represent the fraction of total variation that is “explained” by the variable held at its sample 

mean.  Results indicate that the climatic and edaphic determinants, which are embodied in 

MYield, account for about 16 percent of the spatial variation in soybean yield in the 1995-1996 

growing season.  Fertilizer use, transportation costs, and credits account for another 5, 16 and 10 

percentage points respectively. 

4.3. Forecast of soybean potential area in Amazon 

The explanatory power of climatic and edaphic determinants implies that the interdisciplinary 

model can be used to identify areas where high soybean yields may drive future rates of 

deforestation.  To calculate potential yields, we simulate equation (1) with a data set for the 

entire Amazon basin that includes average MYield values estimated from average climate data 

1950-2001 (NASA/NCEP/NCAR, 2004), transport cost values for 1995-1996 (Vera-Diaz et al., 

2004), credit values (IBGE, 1996) and rooting depth and pH values5 (ISRIC, 1998).  These data 

are interpolated at 0.05o resolution using the ArcView platform and these surfaces are used to 

implement the yield model. 

                                                 
5 Values used in the instrumental regression for fertilizer requirements. 
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Current climate, edaphic, and economic conditions support soybean yields greater than 2,000 kg 

per hectare on 29 percent of Amazon Basin, which is equivalent to 1.4 million of square 

kilometers (Figure 2).  As of 20006, 70 percent (970,000 square kilometers) of this area currently 

is covered by primary forests and the remaining thirty percent (430,000 square kilometers) are 

open areas. Roughly seventy percent of this soybean potential in open areas is located in the 

State of Mato Grosso. This concentration confirms the climatic, edaphic and economic suitability 

of Mato Grosso to raise soybeans. As of 2004, 28 percent of Mato Grosso’s total area7 is 

deforested (256,000 square kilometers), of which soybean production occupies 53,000 square 

kilometers and cattle ranching predominates in the remaining area (IBGE, 2005; INPE, 2005).  

This State accounted for 47 percent of the 26,130 square kilometers of Amazon deforestation 

that occurred in 2003-2004 (INPE, 2005), most of which was caused by the expansion of these 

two economic activities.  The boom in soybean cultivation is mainly an indirect cause of 

deforestation in Mato Grosso. Pasturelands often are converted to soybean production due to 

lower production cost.  The displaced cattle are moved to new pasture, which is created by 

converting forested areas (Alencar et al., 2004). Improvements of roads network and the 

construction of grain storage facilities in northern Mato Grosso has encourages direct conversion 

of forest to soybean crops (Morton et al., 2005).  

The model also indicates that an area equal to 360,000 square kilometers with the potential to 

generate more than 2,000 kg/ha of soybean is located on indigenous lands and protected areas of 

Amazon. Most of these areas currently are “off limits” to soybean production, but infrastructure 

programs could make these areas vulnerable. This vulnerability implies that the government may 

have to enforce regulations and step up monitoring in order to restrain soybean expansion. 

                                                 
6 In according to the Land Cover Map of South America for the year 2000 (Eva et al., 2002). 
7 The total area of Mato Grosso is equal to 903,357 km2.(IBGE/DGC/DECAR, 2001)  
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Excluding these indigenous land and forest reserves, the soybean potential area drops from 1.4 to 

one million of square kilometers or 20 percent of Amazon Basin. Mato Grosso State holds 44 

percent of this potential area, Amazonas 21 percent, and Rondônia 13 percent. The remaining 22 

percent of this soybean potential area is shared by the States of Roraima, Acre, Pará, Maranhão, 

and Tocantins. 

In addition, we use soybean yield predictions to estimate a surface of soybean profitability, that 

is, the rent or economic returns obtained by planting soybean crops. At a simple level, rent is the 

difference between the revenues generated by soybean activity (yield * price) minus the total 

costs8. Figure 3 shows that approximately one million square kilometers of Amazon Basin 

(excluding protected areas) have high rent potential (greater than $200/ha). The extent of the area 

with the potential for high rents is equivalent to the area of high productivity indicated by the 

yield model, but its spatial distribution changes radically.  Of the area with a potential for high 

rents, 60 percent is located in open lands and 40 percent in forest lands.  Most (85 percent) of 

areas with highest economic rents are located in Mato Grosso, Pará, Maranhão, and Tocantins 

States. These areas coincide with the location of roads, which reduces of cost of shipping 

soybeans. 

5. Conclusions 

Our results indicate that soybean yields in the Amazon are determined by climatic, edaphic, and 

economic conditions.  Quantifying these effects allow us to assess the effect of soybean 

production on the current pattern of deforestation and assess the degree to which government 

investments in transportation infrastructure and agricultural credits can affect future rates of 

deforestation. 

                                                 
8 In our case, we use the yield values predicted by the Yield Model and the soybean’s average prices (USDA-
WASDE, 1983-2004). Total cost were restricted to soybean transport cost estimated by (Vera-Diaz et al., 2004). 
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We emphasize that Figure 2 shows yield under current economic conditions. If the Brazilian 

government continues to make significant investments in transportation infrastructure, the area 

where soybean production exceeds 2,000 kg/ha could expand significantly, and this could 

accelerate deforestation further.  This potential is consistent with previous studies, which indicate 

that transportation infrastructure is the single most robust predictor of frontier expansion and 

accompanying deforestation in tropical forest regions (Kaimowitz and Angelsen, 1998). More 

than two-thirds of Amazon deforestation takes place within 50 km of major paved roads, where 

agriculture, cattle ranching, and logging activities are economically feasible (Nepstad et al., 

2001; Alves, 2002).   Indeed, several studies forecast deforestation as a simple function of 

distance from roads (Laurance et al., 2001).  

The potential for enhanced yields and deforestation will be highlighted in future research that 

quantifies changes associated with the full implementation of the government’s pluriannual 

plans, which lay out the strategies for economic development in the Amazon (Nepstad et al., 

2000; Carvalho et al., 2001; Nepstad et al., 2001; Carvalho et al., 2002). The plans call for the 

construction of roads, ports, and other energy infrastructure that would lower transportation costs 

and thereby raise soybean yields.  Increases in yield and reductions in transportation costs would 

increase rents, which is one of the main determinants of land-use change. 

Identifying the effect of transportation costs and other economic determinants of soybean yields 

and ultimately, soybean rents, is critical to determining the degree to which decision makers can 

control deforestation rates in these areas.  By evaluating specific components of Brazil’s 

pluriannual plans, policy makers may be able to compare the benefits of increased soybean 

production against environmental impacts.  By shifting such construction efforts, controlling 

government credits, or taxing soybeans, a “market-based” approach to land-use change 
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ultimately may be more effective and more efficient than a “command and control” approach 

that seeks to preserve the forest by mandating protected areas and relying on local governments 

for enforcement.  

 Acknowledgements 

We gratefully acknowledge the financial support for this work that was provided by Gordon and 

Betty Moore Foundation, National Science Foundation, LBA-NASA Ecology, and US Agency 

for International Development. We also thank T. R. Sinclair for his valuable comments and for 

providing us the code of his soybean crop simulation model, Georgia Carvalho for her 

suggestions on the final version of this paper, and Eustáquio Reis for providing us 1995-1996 

Agricultural data at the census tract level.  



 

 

21 

References 

Acock, B. and Trent, A., 1991. The Soybean Crop Simulator, GLYCIM: Documentation 

for the Modular Version 91. Department of Plant, Soil and Entomological Sciences, 

University of Idaho, Moscow, Idaho, 242 pp. 

Alencar, A., Nepstad, D., McGrath, D., Moutinho, P., Pacheco, P., Vera-Diaz, M. d. C. 

and Soares, B., 2004. Desmatamento na Amazônia: Indo Além da Emergência Crónica. 

IPAM, Belém, Brasil, 85 pp. 

Allen, E. M., Batchelor, W. D. and Colvin, T. S., 1996. Validation of Corn and Soybean 

Models in Iowa: Implications for Precision Farming. ASAE paper 96-106. St. Joseph, 

MI. 

Alves, D., 2002. An analysis of the geographical patterns of deforestation in the Brazilian 

Amazon in the period 1991-1996. In: C. H. Wood and R. Porro (Eds.), Deforestation and 

Land Use in the Amazon. University Press of Florida, Gainesville, FL, 95-106 pp. 

Board, J. E., 2002. A Regression Model to Predict Soybean Cultivar Yield Performance 

at Late Planting Dates. Agronomy Journal 94: 483-492. 

Board, J. E., Zhang, W. and Harville, B. G., 1996. Yield Rankings for Soybean Cultivars 

Grown in Narrow and Wide Rows with Late Planting Dates. Agronomy Journal 88: 240-

245. 

Boote, K. J. and Tollenaar, M., 1994. Modeling Genetic Yield Potential. In: K. J. Boote 

(Eds.), Physiology and Determination of Crop Yield. ASA-CSSA-SSSA, Madison, WI, 

533-565 pp. 



 

 

22 

Boote, K. J., Jones, J. W. and Hoogenboom, G., 1998. Simulation of Crop Growth: 

CROPGRO Model. In: Peart and Curry (Eds.), Agricultural Systems Modeling and 

Simulation. Marcel Dekker, New York, 1-42 pp. 

Boyer, J. S., 1982. Plant Productivity and Environment. Science 218: 443-448. 

Cadier, C., 2004. Estudo da Dinâmica da Cadeia da Soja no Mato Grosso: Estrutura, 

Funcionamento e Perspectivas de Sustentabilidade. Master thesis. Escola Internacional de 

Comércio e Desenvolvimento, Lyon, France. 124 pp. 

Carbone, G. J., Mearns, L. O., Mavromatis, T., Sadler, J. and Stooksbury, D., 2003. 

Evaluating CROPGRO-Soybean Performance for Use in Climate Impact Studies. 

Agronomy Journal 95: 537-544. 

Carvalho, G., Barros, A. C., Moutinho, P. and Nepstad, D., 2001. Sensitive Development 

Could Protect Amazonia Instead of Destroying it. Nature 409: 131. 

Carvalho, G., Nepstad, D., McGrath, D., Vera-Diaz, M. d. C., Santilli, M. and Barros, A. 

C., 2002. Frontier Expansion in the Amazon: Balancing Development and Sustainability. 

Environment 44(3): 34-45. 

Chang, C. C., 2002. The Potential Impact of Climate Change on Taiwan's Agriculture. 

Agricultural Economics 27(1): 51-64. 2002/5. 

CONAB, 2003. Estatísticas Agrícolas. www.conab.gov.br. 

Curry, R. B., Jones, J. W., Boote, K. J., Peart, R. M., Allen, L. H. and Pickering, N. B., 

1995. Responses of Soybean to Predicted Climate Change in the USA. In: C. 

Rosenzweig, E. M. Allen, J. W. Jones, G. Y. Tsuji and P. Hildebrand (Eds.), Climate 

Change and Agriculture: Analysis of Potential International Impacts. ASA Special 

Publication No. 59, American Society of Agronomy, Madison, WI, 163-181 pp. 



 

 

23 

Egli, D. B. and Bruening, W., 1992. Planting Date and Soybean Yield: Evaluation of 

Environmental Effects with a Crop Simulation Model: SOYGRO. Agricultural and Forest 

Meteorology 62: 19-29. 

EMBRAPA-SOJA, 2002. Tecnologias de Produção de Soja - Região Central do Brazil, 

2003. Embrapa Soja / Embrapa Cerrados / Embrapa Agropecuária Oeste, ESALQ, 

Londrina, 199 pp. 

Eva, H. D., de Miranda, E. E., Di Bella, C. M., Gond, V., Huber, O., Sgrenzaroli, M., 

Jones, S., Coutinho, A., Dorado, A., Guimarães, M., Elvidge, C., Achard, F., Belward, A. 

S., Bartholomé, E., Baraldi, A., Grandi, G. D., Vogt, P., Fritz, S. and Hartley, A., 2002. A 

Vegetation Map of South America. Office for Official Publications of the European 

Communities, Luxembourg, 29 pp. 

FAO, 1990. Guidelines for Soil Description. 3rd Edition (Revised). FAO, Rome. 

Fearnside, P. M., 1986. Spatial Concentration of Deforestation in the Brazilian Amazon. 

Ambio 15(2): 72-79. 

Fearnside, P. M., 1987. Causes of Deforestation in the Brazilian Amazon. In: R. F. 

Dickinson (Eds.), The Geophysiology of Amazonia: Vegetation and Climate Interactions. 

John Wiley & Sons, New York, 526 pp. 

Fearnside, P. M., 1997. Limiting Factors for Development of Agriculture and Ranching 

in Brazilian Amazonia. Revista Brasileira de Biologia 57(4): 531-549. 

Fearnside, P. M., 2001. Soybean Cultivation as a Threat to the Environment in Brazil. 

Environmental Conservation 28: 23-38. 

Garcia-Paredes, J. D., Olson, K. R. and Lang, J. M., 2000. Predicting Corn and Soybean 

Productivity for Illinois Soils. Agricultural Systems 64(3): 151-170. 2000/6. 



 

 

24 

Gasques, E., 2003. Desempenho e Crescimento do Agronegócio no Brasil. Brasília, 

IPEA/DISET: 45 pp. 

Hansen, L., 1991. Farmer Response to Changes in Climate: The Case of Corn Production. 

J. Agr. Econ. Resour. 43(Fall 1991): 18-25. 

Hartwig, E. E. and Kiihl, R. A. S., 1979. Identification and Utilization of a Delayed 

Flowering Character in Soybean for Short-Day Conditions. Field Crops Research 2: 145-

151. 

Haskett, J. D., Pachepsky, Y. A. and Acock, B., 1995. Estimation of Soybean Yields at 

County and State Levels using GLYCIM: A Case Study for Iowa. Agronomy Journal 

87(5): 926-931. 

IBGE, 1996. Brazilian Agricultural Census. Instituto Brasileiro de Geografia e 

Estatística, CD. 

IBGE, 2005. Municipal Agricultural Production (PAM). Instituto Brasileiro de Geografia 

e Estatística. 

http://www.sidra.ibge.gov.br/bda/acervo/acervo2.asp?e=v&p=PA&z=t&o=10. 

IBGE/DGC/DECAR, 2001. Malha Municipal Digital do Brasil. Instituto Brasileiro de 

Geografia e Estatística. CD. 

INPE, 2005. Monitoramento da Floresta Amazônica Brasileira por Satélite - Projeto 

PRODES. http://www.obt.inpe.br/prodes. 

ISRIC, 1998. A Soils and Terrain Digital Database for Latin and Central America and the 

Caribbean (SOTERLAC). http://www.isric.nl. 



 

 

25 

Jagtap, S. S. and Jones, J. W., 2002. Adaptation and Evaluation of the CROPGRO-

Soybean Model to Predict Regional Yield and Production. Agriculture, Ecosystems & 

Environment 93(1-3): 73-85. 2002/12. 

Jones, J. W., Boote, K. J., Jagtap, S. S., Hoogenboom, G. and Wilkerson, G. G., 1987. 

SOYGRO V5.4, Soybean Crop Growth Model. User's Guide. Fl. Agric. Exp. Station, 

Journal N1 8304, University of Florida, Gainesville, FL. 

Jones, J. W., Boote, K. J., Hoogenboom, G., Jagtap, S. S. and Wilkerson, G. G., 1989. 

SOYGRO V5.42, Soybean Crop Growth Simulation Model. User's Guide. Fl. Agric. Exp. 

Station, Journal N1 8304, University of Florida, Gainesville, FL. 

Kaimowitz, D. and Angelsen, A., 1998. Economic Models of Tropical Deforestation: A 

Review. Center of the International Forestry Research (CIFOR), Bogor, Indonesia. 

Kaufmann, R. and Snell, S., 1997. A Biophysical Model of Corn Yield: Integrating 

Physical and Economic Determinants. American Journal of Agricultural Economics 

79(1): 178-180. 

Laurance, W. F., Cochrane, M. A., Bergen, S., Fearnside, P. M., Delamonica, P., Barber, 

C., D'Angelo, S. and Fernandes, T., 2001. Environment: The Future of the Brazilian 

Amazon. Science 291(5503): 438-439. January 19, 2001. 

Leibold, K., Baumel, P. and Wisner, B., 2001. Brazil's Soybean Production. AgDM 

newsletter. September 2001. 

Mall, R. K., Lal, M., Bhatia, V. S., Rathore, L. S. and Singh, R., 2004. Mitigating 

Climate Change Impact on Soybean Productivity in India: A Simulation Study. 

Agricultural and Forest Meteorology 121(1-2): 113-125. 2004/1/20. 



 

 

26 

Mavromatis, T., Boote, K. J., Jones, J. W., Irmak, A., Shinde, D. and Hoogenboom, G., 

2001. Developing Genetic Coefficients for Crop Simulation Models with Data from Crop 

Performance Trials. Crop Science 41: 40-51. 

Morton, D., DeFries, R. S., Shimabukuro, Y., Anderson, L., Espirito-Santo, F., Hansen, 

M. and Carroll, M., 2005. Rapid Assessment of Annual Deforestation in the Brazilian 

Amazon using MODIS Data. Earth Interactions 9(8): 22. 

Muchow, R. C. and Sinclair, T. R., 1986. Water and Nitrogen Limitations in Soybean 

Grain Production II. Field and Model Analyses. Field Crops Research 15(2): 143-156. 

1986/11. 

NASA/NCEP/NCAR, 2004. Climate Daily Data (1995-1996). 

http://dss.ucar.edu/pub/reanalysis/. 

Nepstad, D., Capobianco, J. P., Barros, A. C., Carvalho, G., Moutinho, P., Lopes, U., 

Lefebvre, P. and Ernst, M., 2000. Avança Brasil:  Os Custos Ambientais para a 

Amazônia. Instituto de Pesquisa Ambiental da Amazônia / Instituto Socio-Ambiental, 

Belém, Brasil, 24 pp. 

Nepstad, D., Carvalho, G., Barros, A. C., Alencar, A., Capobianco, J. P., Bishop, J., 

Moutinho, P., Lefebvre, P. and Silva Jr, U., 2001. Road Paving, Fire Regime Feedbacks, 

and the Future of Amazon Forests. Forest Ecology & Mgt. 154: 395-407. 

Nicholaides, J. J., Sanchez, P. A., Bandy, D. E., Villachica, J. H., Coutu, A. J. and 

Valverde, C. S., 1983. Crop Production Systems in the Amazon Basin. In: E. Moran 

(Eds.), The Dilemma of Amazonian Development. Westview, New York, 101-153 pp. 



 

 

27 

Paz, J. O., Batchelor, W. D., Colvin, T. S., Logsdon, S. D., Kaspar, T. C. and Karlen, D. 

L., 1998. Calibration of a Crop Growth Model to Predict Spatial Yield Variability. 

Transactions of the ASAE 41: 1527-1534. 

Penning de Vries, F. W. T., Timsina, J., Alagos, M. J. C., Velasco, L. and Pandey, R. K., 

1992. Opportunities for Soya Beans after Rice in the Philippines: An Exploration by 

Simulation. CABO-DLO, Simulation Report 25, 60 pp. 

Pfaff, A., 1996. What Drives Deforestation in the Brazilian Amazon? Evidence from 

Satellite and Socioeconomic Data. The World Bank / Policy Research Department / 

Environment, Infrastructure, and Agriculture Division: Oct 5, 1996. 34p. 

Popp, M., Counce, P., Manning, P. and Keisling, T., 2002. Early Termination of Rice 

Irrigation: Potential Water Savings and Alternative Uses. In: R. J. Norman and J. F. 

Meullenet (Eds.), B.R. Wells Rice Research Studies 2001. University of Arkansas 

Experiment Station Research Series, vol. 495, 300-308 pp. 

Popp, M. P., Dillon, C. R. and Keisling, T. C., 2003. Economic and Weather Influences 

on Soybean Planting Strategies on Heavy Soils. Agricultural Systems 76(3): 969-984. 

2003/6. 

Ravelo, A. C. and Decker, W. L., 1981. An Iterative Regression Model for Estimating 

Soybean Yields from Environmental Data. Journal of Applied Meteorology 20(11): 

1284-1289. 

Ritchie, J. T., 1985. A User-Oriented Model of the Soil Water Balance in Wheat. In: E. 

Fry and T. K. Atkin (Eds.), Wheat Growth and Modeling. NATO-ASI Series, Plenum 

Press, 293-305 pp. 



 

 

28 

Sau, F., Boote, K. J. and Ruiz-Nogueira, B., 1999. Evaluation and Improvement of 

CROPGRO-Soybean Model for a Cool Environment in Galicia, Northwest Spain. Field 

Crops Research 61(3): 273-291. 1999/5/1. 

Sinclair, T. R., 1986. Water and Nitrogen Limitations in Soybean Grain Production I. 

Model Development. Field Crops Research 15(2): 125-141. 1986/11. 

Sinclair, T. R. and Seligman, N. a., 2000. Criteria for Publishing Papers on Crop 

Modeling. Field Crops Research 68(3): 165-172. 2000/11. 

Sinclair, T. R., Farias, J. R., Neumaier, N. and Nepomuceno, A. L., 2003. Modeling 

Nitrogen Accumulation and Use by Soybean. Field Crops Research 81(2-3): 149-158. 

2003/2/20. 

Sinclair, T. R., Neumaier, N., Farias, J. R. B. and Nepomuceno, A. L., 2005. Comparison 

of Vegetative Development in Soybean Cultivars for Low-Latitude Environments. Field 

Crops Research 92(1): 53-59. 2005/4/14. 

Sinclair, T. R., Salado-Navarro, L., Morandi, E. N., Bodrero, M. L. and Martignone, R. 

A., 1992. Soybean Yield in Argentina in Response to Weather Variation among Cropping 

Seasons. Field Crops Research 30(1-2): 1-11. 1992/0. 

Staiger, D. and Stock, J. H., 1997. Instrumental Variables Regression with Weak 

Instruments. Econometrica 65: 557-586. 

Stock, J. H. and Watson, M. W., 2003. Introduction to Econometrics. Wesley, Addison, 

Boston, 696 pp. 

USDA-ARS, 2005. Crop Simulators for Resource Management. Agricultural Research 

Service, USDA. http://www.arsusda.gov/acsl/current.html. 



 

 

29 

USDA-FAS, 2004. Soybean: World Supply and Distribution. Foreign Agricultural 

Service, Official USDA. http://www.fas.usda.gov/psd/complete_tables. 

USDA-WASDE, 1983-2004. World Agricultural Supply and Demand Estimates. USDA, 

Office of the Chief Economics. http://usda.mannlib.cornell.edu/usda/usda.html. 

Vera-Diaz, M. d. C., Kaufmann, R. and Nepstad, D., 2004. Spatial Variations of Soybean 

Transport Costs in Brazilian Amazon. in process. 

Welch, S. M., Jones, J. W., Brennan, M. W., Reeder, G. and Jacobson, B. M., 2002. 

PCYield: Model-Based Decision Support for Soybean Production. Agricultural Systems 

74(1): 79-98. 2002/10. 

WHRC and ISA, 2000. Amazon Road Network Database. 

Wilkerson, G. G., Jones, J. W., Boote, K. J. and Mishoe, J. W., 1985. SOYGRO V5.0: 

Soybean Crop Growth and Yield Model. Technical Documentation, Agricultural 

Engineering Department, University of Florida, Gainesville, FL. 

Wilkerson, G. G., Jones, J. W., Boote, K. J., Ingram, K. T. and Mishoe, J. W., 1983. 

Modeling Soybean Growth for Crop Management. Transactions of the ASAE 26: 63-73. 

 

 



 

 

30 

Table 1

Regression results for ln(FERTILIZERS)

Independent Variables Coefficient t -statistic Signif.

 CONSTANT -2.332 -1.210 0.233

 RDEPTH 2.561 2.733 0.009

 pH 0.550 1.693 0.098

R2 = 0.21 Regression F(2,38) = 5.12  [0.01]

RDEPTH = rooting depth; pH = acidic factor of the soil.  
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Table 2

Regression Results for YIELD

Independent Variables Coefficient t -statistic Signif.

 CONSTANT -4113.26 -3.27 0.00

 FERTIL 214.96 2.51 0.01

 MYIELD 0.07 2.50 0.01

 TCOST -5.08 -3.25 0.00

 CREDIT 1.57 3.05 0.00

 LONG 99.72 3.05 0.00

 LAT 47.89 1.68 0.09

R2 = 0.48

FERTIL = predicted values of fertilizers, MYIELD = predicted values of yield
(kg/ha), TCOST = transport cost values ($/ton), CREDIT = total credit for
soybean farmers ($ per ha of soybean), LONG = longitude, and LAT = latitude. 
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