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ABSTRACT 

This research is composed of three essays. It highlights the driving factors of land 

conversion and crop acreage response focusing on North Dakota agriculture and estimates the 

benefits of conservation land measures at west central South Dakota watershed. The major 

questions that are addressed here are how and why agricultural producers decide among different 

land use choices, crop selection, and land conservation measures and how their decision vary 

over time? The first essay examines the long run land conversion trend interconnected with 

change in crop, oil, and ethanol prices, climate and renewable fuel policy mandates. Data are 

obtained from Cropland Data Layer from 1997 to 2015 period of National Agricultural Statistics 

Service (NASS) at the USDA. The first essay employs a Seemingly Unrelated Tobit Regression 

approach to better understand the connection between land conversion and crop prices, biofuel 

policies, biophysical environment. Key findings indicate land-use conversion from grassland to 

cropland is relatively higher across the ND counties.  

The second essay is designed to investigate the relationship between crop acreage 

response and socio-economic and environmental drivers. We use prices for crude oil, planted 

acres of major crops (corn, wheat, soybean, hay) and prices from the period of 1990 to 2015. 

This essay focuses on corn acreage response due to crop prices, energy policies, climate and 

other socio-economic factors using a Fixed Effect parameter framework.  

The final essay estimates environmental benefits due to adoption of conservation 

practices. In other words, it analyzes the economic and environmental benefits of implemented 

conservation practices at Bad River watershed in South Dakota using an integrated framework. 

For example, in an article in the Global Journal of Agricultural Economics, Extension and Rural 

Development (2016), a Benefit Cost Analysis model is utilized to assess soil conservation 
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benefits and evaluate economic impacts of conservation measures at a watershed scale. The 

economic analysis includes estimation of benefit cost ratio, annual rate of return of conservation 

practices. Key findings suggest that benefit value of sediment reduction average $2.13 per ton 

expressed in constant (year = 2000) dollars and the ratio of benefits to costs is greater than 1.  
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CHAPTER 1. GENERAL INTRODUCTION 

There has been significant land conversion (LC) going on over the past quarter of a 

century in the United States (U.S.). This includes cropland conversion, an increase in forested 

land, and an expansion of urbanized land (Lubowski et al. 2006; Smith et al. 2004; Vesterby and 

Krupa 1995). However, recent studies have concluded an increase grassland to cropland 

conversion over the last twelve years or so (Wang et al. 2017; Lark et al. 2015; Faber et al. 

2012). The conversion of grassland to cropland are happening at an accelerating pace in the U.S. 

These land use change events are occurring due to increase in major crop prices (e.g. corn, 

soybean). The demand for biofuel feedstocks lead to an increase in crop prices. Faber et al. 

(2012) estimated that 23.7 million acres of grassland, shrub land, and wetlands were converted to 

cropland across the U.S. from 2008 to 2011. Similarly, recent study indicated a net conversion to 

cropland was 0.21 million acres in North Dakota and 0.53 million acres in South Dakota during 

2008-2012 period (Lark et al. 2015). The conversion of grassland to cropland were primarily 

concentrated in the Dakotas, east of Missouri River (Wright and Wimberly 2013).  

The conversion of grassland to cropland is also occurring at a fast pace in the Northern 

Great Plains (NGP). Majority land in the NGP area are under private ownership and thus land 

management decision plays a key role in LC process too. The decision making process of land 

management is dynamic and complex. A better informed land management decision can both 

save our natural environment from facing unintended consequences and also offer social and 

economic benefits to producers due to LC.  

The Northern Great Plains (NGP) is a region of large temperate grasslands and is a 

primary provider of wildlife habitats for numerous species, such as bison, waterfowl, and 

grassland birds. This highly productive ecosystem also has vast fertile farmland growing major 
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crops of corn, wheat, hay, sunflower, and soybeans. Empirical studies reported the conversion of 

grassland into cropland with a 2% decrease (2,708,275 acres) in 2012 (Olimb 2013). The major 

factors behind this conversion include the prices of crops, climate change, and government 

payments. The majority of grassland was lost to wheat (1,037,843 acres) as compared to corn 

(506,566 acres) and soybeans (177,916 acres), which is expected as corn prices have increased 

(17%) due to the continued development of biofuels. In addition, the Energy Independence and 

Security Act of 2007 primarily affected corn prices and ultimately lead to grassland conversion 

(Babcock 2011). The major drivers of conversion of grassland to cropland in the NGP are 

categorized as crop insurance benefits, disaster assistance, and marketing loans (Claassen et al. 

2011). The yields of crops, timber, and other land-based commodities are also affected by LC 

along with the prices of land-based products and incentives to allocate alternative uses of land.  

The economic and environmental effects due to LC are notable in the U.S. and these 

cause important policy implications such as management of urban growth, protection of wildlife 

habitat, etc. Sixty percent of the total U.S. land base are under private ownership, which includes 

fifty-eight percent of the total forested land and ninety percent of total farmland (USDA 2000; 

USDA 2001). As a result, private landowner decisions to manage their land play a vital role in 

examining future land-use trends. Also, the social benefits and costs related to various land-use 

classes can directly be affected by private land management decisions. The underlying factors 

driving LC include local policy regulations, population growth, population responses to 

economic opportunities, weather, and other factors affecting the demand for various land uses 

(Stavins et al. 2008; Lambin et al. 2001). 

Land-use change models have been developed to examine the complex nature of land-use 

change systems. The issue of land conversion is primarily affected by interactions between 
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socio-economic drivers and biophysical conditions (Verburg et al. 2004), which are used in the 

function to model land-use change. There are different types of land-use modeling techniques 

used in the literature. One is a regression-based technique that models the relation in land-use 

change systems and can shed light on the extent and location of land conversion (Lambin and 

Geist 2006). Another is a simulation technique that covers different categories of land-use 

models known as agent-based models (Parker et al. 2003), cellular automata models (Matthews 

2006), econometric models (Putman 1983), empirical statistical models (Gellrich and 

Zimmermann 2007), equation-based models (Cromley and Hanink 1999), and spatial system 

models (Boumans et al. 2001).  

To assess potential environmental impacts, land-use change detection analysis is 

required, which also helps develop effective land management strategies. A national-level model 

can estimate the impact of land-use decisions due to federal policies. Major land-use econometric 

studies have primarily concentrated on small geographic areas. The major limitation of these 

studies is their inability to model the competition between land-use alternatives (Parks and 

Kramer 1995; Plantinga et al. 2001). Our analysis examines the land conversion process by 

reviewing county-level data of North Dakota with the goal of better understanding on how land-

use modeling estimates the impact of factors affecting land-use choices. The application of 

geospatial data will also help estimate land-use transition among different classes of land-use.  

Developed economies predominantly support biofuel policies, which directly and 

indirectly induce land use changes (Ciaian et al. 2012). The use of bioenergy has expanded 

significantly due to growing concerns over energy issues and the environment. Conversion of 

biofuel crops from food crops is evident from a high demand for biofuel feedstocks (Qin et al. 

2012). This conversion process ultimately leads to a change in land-use that negatively affects 
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ecosystems’ carbon balance. The demand for renewable energy is on the rise due to a short 

supply of conventional energy and rising carbon emissions from fossil fuels (Kim et al. 2009). 

The production of bioenergy will play a pivotal role in the global energy mix in the near future.  

The U.S. has experienced a dramatic expansion of biofuel production over the last decade 

(Carriquiry et al. 2011) with the production of ethanol increasing to 14.8 billion gallons in 2015 

compared to less than 2 billion gallons in 2000 (Renewable Fuels Association 2016). Biofuel 

production is primarily dependent on land availability. An option to address the concern of land 

sources for biofuel production is to rotate between competing crops. For example, conversion of 

food crops (e.g. corn and soybean) to biofuel crops can help meet the demand for biofuel 

feedstocks in the U.S. (Fargione et al. 2010; Hoekman 2009). However, this conversion will then 

lead to environmental problems such as a loss of biodiversity and increased greenhouse gas 

(GHGs) emissions (Melillo et al. 2009; Searchinger et al. 2008). 

The direct and indirect impacts of land conversion (from other types of land to cropland) 

are investigated in the literature (Fargione et al. 2008; Lapola et al. 2010). General equilibrium 

simulation models are commonly used to estimate land-use change impacts of biofuels (Birur et 

al. 2010; Tyner et al. 2010). These models suggest a positive relation between biofuel supporting 

policies and land-use, however, the magnitude of simulated impacts varies significantly between 

studies (Kancs and Wohlgemuth 2008). 

Likely impacts from the conversion of land include deforestation, biodiversity loss, 

significant carbon debt, reduction in soil carbon sequestration, and natural disturbances (Gelfand 

et al. 2011; Falcucci et al. 2007; Lima et al. 2012). For example, the over-usage of agricultural 

land is primarily responsible for sedimentation where nutrients and pesticides accumulate in 

streams (Soranno et al. 1996). In addition, land-use change can influence the generation of 
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streamflow (Bronstert et al. 2002), have effects on stream water quality (Zampella et al. 2007), 

water quantity (White and Greer 2006), and the health of the stream ecosystem (Wang et al. 

2001). Similarly, LC has had a significant impact on biodiversity and soil health (Lambin et al. 

2001). Also, degradation of land is widely recognized as one of the major consequences of LC 

(Onur et al. 2009; Ries 2010) while the concern over the threat of global climate change has 

increased. These evolved understandings should lead to further discussion of the importance of 

national-level policies in the U.S. that create incentives to maintain forested areas as a method to 

sequester carbon dioxide (Watson et al. 2000; Bruce et al. 1996). The continued loss of 

forestland to agricultural land is also an important issue of land cover modification (Matson et al. 

1997). For example, 90% of forestland has converted to farm and pasture land in North Dakota 

(NASS 2012; Oduor et al. 2012). This conversion process continues and will ultimately lead to 

soil erosion and negative impacts on water quality and quantity.  

Conservation Reserve Program (CRP) policies were designed to reduce soil erosion and 

improve water and air quality through the adoption of best management practices in farmland 

areas. Nine percent of land area in the state of North Dakota was allocated under the CRP 

program with concentrations in the north and north-central regions (Kotchman 2010; USDA 

1992). Also, 70% of the forest land in the state are under private ownership (Haugen et al. 2009). 

Thus, it is useful to model private landowners’ land-use decision-making processes and their 

driving factors.    

Land conversion processes do vary over time and regions. GIS tools have been used 

extensively to model land cover and land-use change issues. These tools help estimate the 

relationships between anthropogenic factors and the biophysical environment that will assist land 

managers in making informed decisions (Kamusoko and Aniya 2006). Also, several empirical 



6 
 

studies have used simulation models to examine and predict land use transition from forest to 

non-forest lands over time (Oduor et al. 2012; Brown et al. 2000; Modal and Southworth 2010), 

which have established priority areas for conservation. There is lack of information on where, at 

what rates, type of land use classes converting in western Corn Belt even though the 

documentation of land use change events is useful. This research addresses knowledge gaps 

evident in previous studies by examining land conversion from 1997 to 2015 across North 

Dakota counties.  

1.1. Objectives 

 

(1) To examine local farmers/ producers allocation decision of different land use 

choices and how their decisions are affected by economic factors (crop yield & 

prices, ethanol prices and production, farm policies, climate etc.)? 

(2) To investigate how producer’s corn planting decisions are affected by economic, 

policy and climate factors (prices & yields of major crops, energy prices & 

policies, and climate)? 

(3) To estimate the economic and environmental benefits of implemented 

conservation practices on sediment reduction and improve in water quality. 

1.2. Dissertation Outline 

Chapter 1 of this dissertation presents the rationale of this study and document the 

general introduction on land conversion, land-use change, crop acreage response and soil 

conservation benefits. The following three chapters describe the methodology and results of land 

conversion impact, crop acreage response and conservation benefits estimation of sediment 

reduction. The final general conclusion chapter (Chapter 5) is based on results found in these 

studies. The list of references were included at the end of each chapter.  
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Chapter 2. A Comprehensive Assessment of Factors Impacting Land Use Conversion Trends 

This study was conducted to examine process of land conversion in the long run due to 

socio-economic, environmental and biophysical factors at a regional scale. 

Chapter 3. Dynamic Corn Acreage Response under Economic Transformation  

This study was conducted to present results of an analysis of producers’ corn planting 

decision behavior due to econometric factors, biophysical environment and biofuel policy 

mandates.  

Chapter 4. Environmental Benefits Estimation and Assessment of Conservation Practices: A 

Novel Approach 

This study was conducted to estimate and assess the economic benefit of conservation 

practices on sediment reduction in Bad River watershed of South Dakota. In this chapter, an 

integrated model for estimation of both environmental and economic benefits of conservation 

practices is described. 

Chapter 5. General Conclusions and Future Direction 

1.3. Literature Cited 
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CHAPTER 2. A COMPREHENSIVE ASSESSMENT OF FACTORS IMPACTING 

LAND USE CONVERSION TRENDS 

2.1. Abstract 

In this chapter, the relation between land use acreage conversion and crop prices, biofuel 

factors, socio-economic drivers, and biophysical environment are examined with a focus on 

North Dakota agriculture. The connection between producers’ land choice decisions and 

econometric, biofuel, and biophysical drivers is also highlighted in this chapter. These 

comprehensive datasets classify producers’ land use choices under four broad categories. This 

research employs a seemingly unrelated Tobit regression approach to better understand decision-

making processes and land allocation choices, and suggests a sustainability policy that can 

enhance efficiency and maximize profits. Key findings indicate cropland is highly likely to stay 

in farm use or be developed for urban use in higher elevations. However, it is less likely to be 

converted to forests and grassland. Our calculations show that geographic variation, crop and 

biofuel prices, soil moisture, the previous year’s land acreage, and climate have statistically 

significant impact on land conversion. For example, during a very wet planting season (month of 

March), farmers are highly likely to switch crops. Also, as soil moisture during March increases, 

grassland acreage decreases. The 2007 biofuel energy act had a positive impact on cropland area, 

negative impact on grassland, and no impact on forest land. These research findings will help 

local producers to decide among suitable land use categories to enhance efficiency and maximize 

profits. 
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2.2. Introduction  

The economic and environmental effects of land use change in the United States (U.S.) 

are significant. Since 1997, the Great Plains (GP) region has experienced major land use changes 

where conversion appears to be concentrated. This region has experienced a large reduction of 

grasslands over the last 50 years (Samson and Knopf 1994). Additionally, this region’s 

grasslands are among the most endangered ecosystems in North America (Samson et al. 2004; 

Cully et al. 2003).  The conversion of grassland to cropland has been a major issue in the GP 

region. Continuation of this conversion of grassland to cropland is evident in current studies 

(Claassen et al. 2011; Stephens et al. 2008). In a broader framework, the Northwestern Glaciated 

Plains ecoregion is experiencing the greatest percentage of change in land use between 

agriculture and grassland (Auch et al. 2011). There are increasing concerns over the loss of 

grassland to crop production. The region’s ecological resources are impacted by changes in land 

use. Conversion of land-use acreage is categorized as one of the primary drivers that affect 

ecosystem services and health. The major factors driving changes in land use and major suites of 

land cover are anthropogenic drivers, weather cycles, and biophysical conditions. Cropland and 

grassland are the top two categories of land use with the greatest likelihood of conversion. 

Farm policies are one of the major underlying forces that drives land use conversion of 

this area. The production of corn and soybeans has steadily increased, whereas wheat acreage has 

decreased since 1996 (Feng et al. 2013). In addition to farm policies, other factors, such as 

commodity prices, technology, and momentum effect due to past conversions, can drive land use 

changes in the Dakotas (Feng et al. 2013). There was a dramatic increase in commodity prices 

due to this increasing demand for corn. Also, the demand for biofuel feedstocks is primarily 

responsible for the increase in corn and soybean prices, which ultimately leads to conversion of 
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grassland to cropland in the U.S. Corn Belt (Rashford et al. 2011; Claassen et al. 2011; 

Wallander, Claassen, and Nickerson 2011; Fargione et al. 2009). As the major crop prices 

increase, the occurrences of land acreage conversion (LAC) are expected to continue to grow 

(Wright and Wimberly 2013). An increase in commodity prices has also created incentives for 

local producers to convert grassland to cropland in the Corn Belt. Additionally, deforestation and 

expansion of agricultural land are two key issues impacting land use and economic growth 

(Cropper and Griffiths 1994). 

Several empirical studies have concluded that prices and other exogenous factors have 

identified key factors behind landowners’ land allocation decisions. These factors will contribute 

to cropland acreage expansion as landowners tend to have more farmland by shifting out low-

demand land (Goodwin et al. 2012). In other words, crop production is also expanding onto 

marginal lands due to the continuation of grassland conversion. There has been a persistent shift 

in land use rather than a short-term variability in crop rotation patterns, as indicated by longer-

term land cover trends from North Dakota due to recent grassland conversions (Wright and 

Wimberly 2013). 

Factors such as state level spot prices for major crops (corn, soybeans, and wheat) (Figure 

2.1) and oil and ethanol prices (Figure 2.3) are included in our analysis, as those are primary 

drivers of cropland acreage expansion.  
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Figure 2.1. North Dakota crop prices ($/bushel) 

The prices of three major crops (corn, soybean, and wheat) of North Dakota are presented 

in figure 2.1. The price of corn was highest ($6.79 per bushel) in 2011 and lowest ($1.81 per 

bushel) in 2000. The price is on the lower side in the year 2014-2015. The price of soybean has 

been steady from 2007 ($8.62) to 2013 ($12.79). However, price decreases for the year 2014-

2015. The price of wheat ($7.62 in 2007 and $8.39 in 2012) also follow similar trends like price  

 

Figure 2.2. Historic oil and ethanol prices ($/gallon) 
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of soybean. At present, the price of oil decreases ($1.08 in 2015) as compared to 2008 ($2.79). 

Ethanol price does vary over time (higher price during 2004-2014). Currently, price of ethanol 

also decreases ($1.59) (Figure 2.2). 

Two key determinants, “demand-side” and “supply-side,” are used to forecast global 

supply and demand for agricultural land (Hertel 2011). Demand-side determinants include 

population growth, rising per-capita incomes, changes in food demand, price responsiveness of 

consumer demand for food, bioenergy (potential of agricultural land as a key fuel source), and 

changes in productivity. The primary drivers of biofuel expansion are oil prices, biofuel and 

energy policy mandates, and subsidies (Hertel, Tyner, and Birur 2008). Oil prices have a 

significant impact on long-run demand for land in bioenergy production. Oil prices range from 

$50/bl in 2017 to a high of $130/bl in 2040, as forecasted by the Energy Information Agency’s 

(EIA) Annual Energy Outlook (AEO) report (EIA 2016). Likewise, total U.S. oil production is 

forecasted to grow from 8.6 million barrels per day (b/d) in 2017 to 11.3 million b/d in 2040 

(AEO 2016). Subsequently, bioenergy production will respond if oil prices end up on the high 

end of the forecast. This will lead to massive increases in the conversion of grassland, forestland, 

and other land to cropland to meet the growing demand for bioenergy. Other factors contributing 

to land conversion are recognized as “supply-side determinants” (e.g., urbanization, land demand 

to preserve biodiversity, climate change, and endogenous supply response to demand) (Hertel et 

al. 2008).  

The transformation of food into fuel and land use changes are two closely connected 

issues. The diversion of food into fuel is responsible for an increase in food prices, which 

ultimately induces producers to covert grassland into crop production (Roberts and Schlenker 

2013). Likewise, renewable biofuel policies (the Energy Policy Act of 2005 and the Energy 
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Independence and Security Act of 2007) are responsible for the increasing demand for corn to 

produce biofuel. The U.S. Energy Policy Act of 2005 built the foundation of the Renewable Fuel 

Standard (RFS) Act, which was expanded by the 2007 Energy Independence and Security Act. 

The original RFS, known as RFS1, had a mild effect on ethanol production because it set the 

mandate at levels required to maintain air quality regulations (Anderson and Elzinga, 2014). The 

expanded RFS, known as RFS2, mandated the doubling of ethanol production. Corn is now the 

most planted crop in the U.S. as compared with other crops. A total of 37% of the U.S. corn crop 

was utilized to make ethanol for automotive fuel in 2015, as compared with 14% in 2005 (Carter 

et al. 2016). RFS policy is recognized as a primary driving force of this rapid increase in corn 

usage, as mandated by the federal government.  

 

Figure 2.3. Ethanol production vs RFS mandate volume (millions of gallons) 

RFS requires a certain limit (15 billion gallons of renewable biofuel, i.e., ethanol, with 

gasoline by 2015) of annual ethanol usage to be blended in automotive fuel. U.S. ethanol 

production increased from 3.9 billion gallons in 2005 to 14.8 billion gallons in 2015 (Renewable 

Fuels Association 2015) due to biofuel policies (Figure 2.3).  
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The mandated ethanol volume is set at 15 billion gallons per year since 2015 until 2022 (Figure 

2.3). The real volume of ethanol increases since 1982 (0.22 billion gallons) (Figure 2.4). For 

example, total ethanol production goes up to 14.8 billion in 2015. 

 

Figure 2.4. Total ethanol production in the U.S. (billions of gallons) 

In 2015, U.S. corn ethanol comprised 10% of finished motor gasoline as compared with 

only 3% in 2005. Thus, there has been a significant expansion of cropland/farmland area (81.8 

million in 2005 to 94.49 million acres in 2016) as an outcome of corn-based ethanol production. 

The production of three major crops (corn, soybean, and wheat) also increases over time (Figure 

2.5).  
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Figure 2.5. North Dakota major crop production (bushel/acre) 

The production of corn increases since 2007 (116 bushel per acre) until 2016 (137 bushel 

per acre). The production of soybean does vary over time (29.5 in 1997 and 39 in 2016). Also, 

wheat production increases since 2012 (Figure 2.5). 

The other important factors that drive land use decisions in the Dakotas include crop 

output and input prices, innovations in cropping equipment, farm size, market incentives, 

government policies, weather patterns, and crop insurance policies (Wang et al. 2016; Miao et al. 

2016). Individual land management decisions have a direct impact on land function because most 

land areas are privately owned (Vincent et al. 2014; MEA 2005). Land choice decisions are also 

directly affected by economic returns or net benefits of different land choice options (Rashford et 

al. 2010). The primary economic factors of converting grassland/other land to cropland in the 

Dakotas are high crop prices and rising crop insurance subsidies (Wright and Wimberly 2013). 

Factors such as crop insurance, market loans, and disaster assistance are responsible for a 2.9% 

increase in cropland acreage from 1998 to 2007 (Claassen et al. 2011b; Miao et al. 2015). Other 

drivers, such as land ownership structure, impact of labor requirements, technology 
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development, and climate, also play a vital role in land use conversion (Reitsma et al. 2015; 

Janssen et al. 2015; Clay et al. 2014).   

 The concept of modeling land use change varies in time and spatial dimension. Land use 

and land cover change processes can be modeled under two broad categories: regression-based 

and spatial transition-based. Most regression-based research relates the location of land 

conversion to a set of spatially explicit variables, with relationships estimated by logistic 

regression (Wear et al. 1998) and hedonic price models (Geohegan et al. 1997). There is a large 

body of economics literature on land use change due to economic factors (Rashford, Walker, and 

Bastian 2011; Stephens et al. 2008; Feng et al. 2013). A simulation-based econometric analysis 

is performed to investigate the loss of grassland across Dakota counties (Claassen et al. 2011). 

Macroeconomic factors can also act as indirect or underlying causes or driving forces for the 

reduction of wilderness land (Skonhoft and Solem 2001). Sohl et al. (2012) designed a scenario-

based framework to predict future land use change. A simulation approach is used to predict land 

cover changes as a result of change in socio-economic variables (Brown et al. 2000). 

Econometric techniques (e.g., seemingly unrelated regression technique) are also designed to 

examine interrelationships among major land uses due to the influences of economic forces and 

demographic shifts in the U.S. southeast (Alig 1986). Econometric analyses have also included 

other estimation techniques (e.g., simultaneous equation approaches) to estimate 

interrelationships among competing land uses (White and Fleming 1980).  

The underlying hypothesis of this paper is “how the long-run land conversion trend 

correlates with major crop prices, crop yields, oil prices, ethanol prices and volume, crop stocks, 

land under the conservation reserve program (CRP), population density, relative wetness and 

dryness, air temperature, precipitation, and renewable fuel policy mandates.” The central 
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question of this article is how local farmers and producers allocate different land uses and how 

their allocation decisions are affected by economic factors. Overall, we contribute to the 

literature by: (a) examining the conversion of four major land use classes, including cropland, 

grassland, forestland, and other land in relation to crop, ethanol, and oil prices and other socio-

economic drivers; (b) including biofuel and energy policy impacts on land acreage allocations; 

and (c) using recent data. We briefly address the following questions: (i) how are farmers’ or 

producers’ land use acreage allocation decisions affected by exogenous factors?  (ii) what are the 

potential exogenous factors (impact of crop yields, price variables, biofuel variables) that impact 

land use acreage response? The theoretical hypothesis, “changes in socio-economic and biofuel 

policy factors (including major crop, oil, and ethanol prices, taxable sales, population density, 

biofuel activity, and energy policies) cause direct and indirect conversion of land use acreage in 

the long run,” is tested in this paper.   

Agriculture is North Dakota’s leading industry sector, and the state is well known for its 

production of crops, livestock, and renewable energy. Cropland acreage increases over time and 

are more concentrated eastern ND counties (Figure 2.6). 

 

Figure 2.6. Cropland acreage map by county 
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Grassland acreage decreases over time and are more concentrated on western and 

southern ND counties (Figure 2.7). 

 

Figure 2.7. Grassland acreage map by county 

There are not significant changes in terms of forestland acreages over time and are more 

concentrated on northern ND counties (Figure 2.8). 

 

 

Figure 2.8. Forest acreage map by county 
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Figure 2.9. Other land acreage map by county 

There are not significant changes in terms of otherland acreages as well over time and are 

more concentrated on eastern ND counties (Figure 2.9). 

In 2015, North Dakota out-ranked all other states in production of wheat and barley. Non-

agricultural industries are quickly becoming an integral part of North Dakota’s economy. The 

fastest growing sectors are oil (second largest oil producing state in the nation) and gas 

production and coal mining. In recent years, North Dakota has experienced significant 

development of renewable energy such as biomass and biofuels (biodiesel, corn-based ethanol). 

The state now produces 400 million gallons of ethanol per year, as compared with 38 million 

gallons in 2005 (NASS 2016). The pressure on agricultural land due to this tenfold increase in 

corn ethanol production is significant.  

Understanding the land use change drivers in North Dakota is vital for the design of 

agricultural, environmental, and land use policies. This research will help understand the driving 

factors of land acreage conversion and find areas vulnerable to conversion in the state. The rate 

of taxation in North Dakota varies, depending on how many acres an individual owns. Thus, the 

key findings from this research will help local municipal tax agencies to assess policies related to 

property tax. The results from this study should also help governmental agencies locate areas for 
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conservation before initiating other environmental conservation programs. Our findings will also 

indicate the impact of biofuel on land use change, which will lead to greater understanding of 

renewable fuel policies. Both local and federal policy makers will benefit from the study’s 

findings of how biofuel production decisions are made. Information on future land use is of great 

importance as it plays a vital role in mitigating adverse potential effects on ecosystem processes.  

This paper proceeds as follows: Section 2 builds a model based on a Ricardian 

framework to understand the adoption decision behavior of an agricultural producer. Section 3 

lists data sources, discusses the data processing technique, and specifies the criteria used for 

variable selection, empirical model, and parameter estimation methods. Section 4 presents the 

results and their interpretation. Section 5 offers concluding remarks.   

2.3. Economics of Land Use: Materials 

2.3.1. Conceptual Framework 

The focus of this study is on private land ownership (non-federal land) at the ND county 

level. Considering the spatial characteristics of land use of ND, the development of an 

econometric framework to model land acreage conversion and understanding the it’s underlying 

causes of it is required. In theory, our expectation is that as commodity prices increases, farmers 

would respond to this by allocating more land and more intensified intense production processes. 

We assume farmers’ land allocation decisions are primarily dependent on crop prices, crop 

yields, oil & and ethanol prices, biofuel and energy policies, density of population density, 

income per per-capita income, land under the conservation reserve program (CRP), and climate. 

We examine acreage response of four types of land use classes due to crop yields and prices, 

climate and other economic variables based on ND county-level datasets from 1997 to 2015.  
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Land rents is the primary driver on for allocation decisions among competing uses on a 

fixed land base as defined by the classical land rent theory. This theory dates back a few 

centuries to Ricardo’s theory. It was extended by von Thunen to include locational 

considerations and transportation (Alonso 1964). The selection of explanatory variables in a 

regional model of land use acreage can be made according to the economic theory of land rent. 

The logic of the Ricardian approach builds on behavioral assumptions: farmers are profit 

maximizers, in particular, they make their land allocation decisions to their most profitable uses.  

Economic theory suggests that an individual farmer or producer maximizes utility when 

managing a parcel of land. Our starting point is the one of a representative farmer who chooses 

to allocate his / her land to the most lucrative use over a set of feasible alternatives. The decision 

maker (farmer) base their expectations of future benefits based on current and historic values of 

relevant variables as well. The decision rule of allocating the parcel of land use l in period t if 

𝜋𝑙𝑛𝑡 > (𝜋𝑘𝑛𝑡), ∀ 𝑙 ≠ k 

𝜋𝑙𝑛𝑡 is the net benefit from land use “l” at time t. The potential net benefits from alternate 

uses,  𝜋𝑙𝑛𝑡, of land depend on land quality, weather conditions, locational characteristics, as well 

as economic conditions in surrounding areas.  𝜋𝑙𝑛𝑡 includes both a deterministic component and 

a random error component, and we can write this as  

𝜋𝑙𝑛𝑡 = 𝜋lnt + εlnt      (1) 

𝜋lnt refers to expected average net benefit of land allocation and εlnt refers to deviation 

from average net benefit and assumed to follow a normal distribution. We also consider spatial 

interactions explicitly. Land use choice decisions are forward-looking in nature. So, we assume 

the net benefit of alternative land uses in one county depends on net benefits from alternative 
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uses in neighboring counties. There remain the issue of spatial externalities due to similar land 

use structure of neighboring counties. Thus, we can rewrite our equation [1] as 

𝜋𝑙𝑛𝑡 = ∑ ∅𝑙𝑡𝑚≠𝑛 𝑤𝑛𝑚𝜋𝑚𝑙𝑡 + 𝜋lnt + εlnt      (2) 

∅𝑙𝑡 refers to spatial autoregressive parameter (|∅𝑙𝑡| < 1 ), presents the degree to which land use 

propensity in one area is affected by propensity in neighboring areas. The net benefits from 

converting land use to l are a latent variable. 𝑤𝑛𝑚 is the spatial relationship between land areas n 

and m.  

According to economic theories and existing literatures on land choice (Fujita 1989; 

Lichtenberg and Ding 2009; Li et al. 2013), we can write 𝜋lnt (the mean expected net benefits of 

land allocation in area n to land use l at time t) as 

𝜋lnt  = 𝜌𝑛𝑡−1𝛽𝑙𝑡
𝜌

 + 𝑦𝑛𝑡−1𝛽𝑙𝑡
𝑦
+ 𝑧𝑛𝑡−1𝛽𝑙𝑡

𝑧               (3) 

Here 𝜌𝑛𝑡−1 is a vector of land use proportions in n area and t-1 time period. 𝑦𝑛𝑡−1 refers to 

vector of economic variables and 𝑧𝑛𝑡−1 refers to vector of environmental variables.  

𝜷𝑙𝑡 = ( 𝛽𝑙𝑡
𝜌

, 𝛽𝑙𝑡
𝑦
, 𝛽𝑙𝑡

𝑧 ) can be defined as a vector of coefficients on  

 𝑿𝑡−1𝜷𝑙𝑡 = (𝜌𝑛𝑡−1, 𝑦𝑛𝑡−1, 𝑧𝑛𝑡−1). 

We can rewrite equation (2) in a stacked form given as below: 

𝝅𝑙𝑡 = ∅𝑙𝑡𝒘𝝅𝑙𝑡 + 𝑿𝑡−1𝜷𝑙𝑡 + 𝜀𝑙𝑡    (4) 

Where 𝝅𝑙𝑡 = (𝜋1𝑙𝑡,…, 𝜋𝑁𝑙𝑡), 𝑿𝑡−1 = (𝑥1𝑡−1,…, 𝑥𝑁𝑡−1), and 𝜺𝑙𝑡 = (𝜀1𝑙𝑡,…, 𝜀𝑁𝑙𝑡).  
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2.4. Data and Variable Selection 

The econometric component of this study relies on a comprehensive panel of datasets 

(both time series and cross section) covering the period 1997-2015. The primary sources of data 

are crop land data layer (CDL) for land use acreage; the U.S. Census for population density data: 

U.S. Energy Information Administration for oil prices and renewable fuels association for 

ethanol price and volume; North Dakota sales and use tax statistical reports for taxable sale data; 

the U.S. Department of Agriculture (USDA) National Agricultural Statistics Service (NASS) for 

major crop prices; and USDA Farm Service Agency for land area under CRP.  

The empirical model uses ND county-level data. The dependent variables are expressed 

as a proportion of each specific land class acreage as compared with total land area in a certain 

county. We estimate land proportion acreage by dividing the land class acreage by county size. 

We are interested in learning how LAC correlates with crop prices, oil prices, and other socio-

economic and demographic variables. Data for each four land use classes (cropland, forestland, 

grassland and other land) are measured in acreage. We have 53 cross-sectional units and 18 time 

periods and, thus, we have a total of 954 observations. 

The null hypothesis underlying this test would be there is no relationship between 

economic activity and land use. The intercept term is assumed to be correlated with the 

explanatory variables. The effect of explanatory variables will be time-specific. A total of 18 

observations in time are included, and this refers to the results hold for longer time period. Price 

variables include annual observations on the prices of major crops (corn, wheat, soybeans), crude 

oil, and ethanol. The historical market prices for crude oil and ethanol are included. The prices 

are normalized to the year 2014. Variables such as per-capita taxable sales and population 

density (per square miles) for ND counties are also estimated for the regression model. Spatial 
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variables such as latitude and longitude are also included for ND counties. The “year” variable is 

also added in the regression model to examine the time effect on land use acreage. Additionally, 

two dummy variables (rfs_1 and rfs_2) are added to assess the impact of biofuel policies (both 

the Energy Policy Act of 2005 and Independence & Security Act of 2007). Nine regional 

dummies (crop budget regions: northwest, southwest, north central, south central, east central, 

northeast, southeast, northern valley, and southern valley) are added to capture the ND county 

level effect. 

2.4.1. Cropland Data Layer Data Processing 

Cropland data layer (CDL) refers to geospatial data product hosted on CropScape 

(https://nassgeodata.gmu.edu/CropScape/). CDL is also defined as a raster, geo-referenced, crop-

specific land cover data layer, which is an annual dataset of the continental United States. These 

datasets are created using moderate resolution satellite imagery and extensive agricultural ground 

truth. For this analysis, we present land use conversion in North Dakota by using the NASS CDL 

from 1997 to 2015. The US Geological Survey (USGS) CDL is widely used for environmental 

mapping and modeling (Homer et al. 2007). 

The land cover datasets (CDL data layer) are derived from classified LandSat TM 

satellite imagery and then imported into ArcMap-ArcInfo® 10.3. CDL datasets are processed to 

calculate land use acreage from 1997 to 2015. First, the datasets are re-projected to North 

American Datum (NAD) 1983 Universal Transverse Mercator (UTM) zone 14 N. Our CDL 

datasets provide information on land use area on non-federal land at the ND county level from 

1997 to 2015. Second, the CDL images are reclassified under four major categories as cropland, 

forestland, grassland and other land using a spatial analyst tool. Then the reclassified land cover 

images are defined as “.tiff” files. Cropland land cover classes includes code 1-61, 66-77, and 
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204-254, whereas grassland land cover codes includes 176. The forestland land cover code refers 

to code 63 from 1997 to 2006, and to 63 and 141-143 from 2007 to 2015. Other land refers to 

combinations of land types known as developed (open space, low intensity, medium intensity, 

high intensity), barren, shrub land, woody wetlands, and herbaceous wetlands, and codes include 

64, 87, 121-124, 152, 190, and 195. Water is excluded from land acreage calculation.  Third, the 

.tiff file is imported in ArcMap. Using the attribute table, county polygon shapefile for North 

Dakota are added. Fourth, the “Build Raster Attribute Table” function in ESRI ArcGIS is used to 

create a pixel “count” field in the attribute table. In ESRI ArcMap 10.3, this function is located at 

ArcToolbox> Data Management Tools > Raster > Raster Properties > Build Raster Attribute 

Table. Further, the CDL tiff file is specified as the Input Raster. A new count (representing a raw 

pixel count) data field is added to the attribute table after a successful run. The count is 

multiplied by the square meters conversion factor based on CDL pixel size. The conversion 

factor value of 0.222394 for 30-meter pixels and conversion factor value of 0.774922 for 56-

meter pixels are used for calculation. Fifth, a new field in the attribute table named “acre” is 

added. Spatial Analyst Tool is selected and the zonal (tabulate area tool) option is specified to 

calculate land acreage in square meters from 1997 to 2015. In tabulate area option, a ND county 

polygon shapefile is imported as 1st input raster or feature zone data box. ND county polygon 

shapefiles are collected from ND GIS hub (http://www.nd.gov/gis). In the value field of end 

input raster or feature class data, the reclassified images for each particular year are specified. 

The output raster is the calculated tabulate area for land in square meters, and the processing cell 

size is selected as 30m. After importing the new attribute table, one more field called “land class 

acre” is defined. Field calculator is used, and each cell size is multiplied by the square meter 
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value by 0.000247105 (1 sq. meter = 0.000247105 acre) to get a different land class area in 

acres. 

2.4.2. Explanatory Variables Selection 

The econometric component models socio-economic and biofuel policy variables as 

independent variables and areas of four land use classes as dependent variables. Our data set is a 

panel that includes time series observations from 1997 to 2015 and cross cross-sectional 

observations by land use classes of ND counties. In other words, the data set comprises a cross-

sectional time series, or panel, data set. The variables span the period 1997-2015, and include 53 

counties, so the data set contains 1,007 observations. An observation is comprised of a set of data 

points for a single county and year. Each equation has one dependent variable and 16 key 

explanatory variables. So, each observation has 17 data points, and is only included in the 

regression only if all data points are available for a county in a given year. Also, each equation 

has two additional 2 renewable fuel standard (RFS) dummy dummies and 53 county dummy 

variables.  

Explanatory variables include ND taxable sales, latitude and longitude of ND counties, 

density of population density, major crop prices, oil and ethanol prices, land area under CRP, 

volume of ethanol, climate, and ND county dummy variables. We also consider dummy 

variables to assess the federal policy impact on land use change. The Renewable fuel standard 

(RFS) program was authorized under the Energy Policy Act of 2005 and expanded under the 

Energy Independence and Security Act of 2007. Thus, we include two dummies in our regression 

model to assess the policy impact on land use area. We also consider major ND crop yield data 

of ND from USDA NASS. All three major crops (corn, soybeans, and wheat) yield are estimated 

using the “Vlookup” function in an excel Excel spreadsheet. NASS didn’t did not report crop 
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yield data for all time periods for in state of North Dakota. The USDA datasets for yield are not 

available for all ND counties of ND. NASS reports yield as “combined counties” for some years. 

However, they it reports all years of data by agricultural district code. By using Ag district code, 

we, which we used to estimated crop yield data of those combined / or missing counties. All 

price variables (corn price, wheat price, soybean price, ethanol price, and oil prices) in our 

equation are adjusted for inflation (2014 as base year) by using the GDP price deflator. GDP 

deflator is, a measure of price inflation. The values for the GDP price deflator are collected from 

Federal Reserve economic data estimated by The Federal Reserve Bank of St. Louis. Moreover, 

we consider ND county latitude and longitude of ND as a continuous variable in our regression. 

All our explanatory variables are multiplied by specific county dummies to estimate the 

interaction effect. Those interaction effect variables are also estimated as independent variables 

in the regression as well. We also consider the Palmer Drought Severity Index (PDSI) as our 

climate variable.  The PDSI Index is a measurement of the relative dryness or wetness affecting 

water water-sensitive economies. We took the logarithmic transformation of this index and 

added it as an explanatory variable of our land acreage regression model 

2.5. Specification of Econometric Model 

A system of econometric equations is designed to estimate proportions of four major land 

use acreages as functions of economic, demographic, and other important variables. The 

guidelines for explanatory variables selection in a regional model of land use acreage are covered 

by land rent theory. Associated hypotheses of land use acreage determinants can be specified as a 

form of land use equations systems. All four equations are constructed by selecting a proportion 

of total land base covered by competing uses of land as a function of economics, demographics, 

climate, biofuel policies, and other key variables. There are four major land uses in North Dakota 
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for which a series of historic acreage estimates are available: cropland, grassland 

(pasture/rangeland), forestland, and other land (including urban). The land use acreages are 

specified as a proportion as compared with direct land use acreage as dependent variables in this 

regression. This will help to alleviate possible heteroscedasticity problems. Moreover, county 

regional dummies are included to allow for spatial heterogeneity. This would help capture 

differences in behavior among ND counties. The three major ND crops are corn, soybeans, and 

wheat (spring). Thus, yield and price data on these major crops are included to see their effect on 

land acreage conversion. Two dummy variables are used to present the biofuel policy (both 

Energy Policy Act of 2005 and Independence & Security Act of 2007) mandate effect on land 

acreage conversion. The overall biofuel production and energy prices are assumed to affect land 

use acreage conversion as well. Thus, variables such as ethanol volume, oil, and ethanol prices 

are also added in our analysis. 

2.5.1. Seemingly Unrelated Tobit Regression  

Empirical work on estimation of constrained dependent variables in regression models 

has a long history (Tobin 1958; Amemiya 1984). Tobin named this model as a limited dependent 

variables model. The concept “Tobit model,” coined by Goldberger (1964), is one generalization 

form of a limited dependent variables model. Our estimation method consists of four different 

land supply equations. A seemingly unrelated Tobit regression (SUTR) method is used to 

estimate land supply equations. Hypotheses are tested by estimating relationships in the data in a 

series of simultaneous equations. Also, our datasets have a small number of time series data (18 

years) and large number of cross sectional units (53). Consider the estimation of four SUTRs 

(Huang, Sloan, and Adamache 1987) 
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or 

𝐴𝑙𝑛𝑡 = 𝑋𝑙𝑛𝑡𝐵𝑙 + 𝑈𝑙𝑛𝑡 , 𝑡 = 1,2, . . . , 𝑛     (5) 

    n = 1, 2 …, 53 

    l = 1, 2 …, 4 

Where 𝐴𝑙𝑛𝑡 denotes a vector of random latent (i.e., not directly observable) variables of land use 

type “l” acreage at “n” county in time period “t”. 𝑋𝑙𝑛𝑡 refers to matrix of exogenous variables of 

land use type “l” at “n” county in time period “t” and assumed to be non-stochastic in nature.  

𝑌(𝐴𝑙𝑛𝑡) denotes the observation function. 𝑌𝑙𝑛𝑡 refers to observed data. We can express the 

relation between 𝑌𝑙𝑛𝑡 and 𝐴𝑙𝑛𝑡 (latent variable) as following: 

Ylnt =  Y(Alnt) = {
Alnt   iff  Alnt > 0
0     iff   Alnt ≤ 0

     (6) 

The vector of disturbance term can be expressed as below: 

Ut
´ = (U1t U2t U3t U4t)     (7) 

We assume 𝑈𝑡
´ follow a normal distribution with zero mean and variance of “𝜗” where 

𝜗  = 



















44434241

34333231

24232221

14131211









       (8)                                

  



37 
 

and  𝐸 (𝑈𝑖𝑠 𝑈𝑗𝑠´) = 0 𝑓𝑜𝑟 𝑠 ≠  𝑠´.   Both equation (1) and (2) can be defined as the reduced form 

of a simultaneous-equations model such as the Nelson and Olson model (1978). The reduced 

form of the Nelson (1978) model is in line with the SUTR model we consider in this research.  

Because all four equations appear unrelated, we might think of estimating them separately (the 

system is referred to as a system of seemingly unrelated regression equations [SURE]). 

However, the residual terms in land use equations are correlated. In other words, the disturbances 

in different land use acreage equations is a must because of a fixed total land base, transfers of 

land among uses, and related trends in economic factors. If the error terms are correlated, then 

we can gain a more efficient estimator by estimating the equations jointly (Zellner 1962).   

2.5.2. Empirical Model 

We have N counties observed over T periods, the land use acreage function for all 4 

different land use classes at county “n" in time period  “t” time period can be expressed as  

APlnt = γc + ∑ βl,t−1
pm

 Pm
l,t−1

l=4
l=1 + ∑ βl,t−1

y
 Yl,t−1

l=4
l=1 + ∑ βl,t−1

dp
 Dp

l,t−1
l=4
l=1 +

∑ βl,t−1
Pts  PTSl,t

l=4
l=1 + ∑ βl

Evol Evoll,t−1
l=4
l=1 + ∑ βl,t−1

drfs  Drfsl,t−1
l=4
l=1 + ∑ βl,t−1

crp
CRPl,t−1

l=4
l=1 +

∑ βl,t−1
L Ll,t−1

l=4
l=1 + ∑ βl,t−1

llu LLAl,t−1
l=4
l=1  +  ul,t                                   (9) 

𝑙 = 1,…4;  𝑛 =  1, … 53; 

Where 𝐴𝑃𝑙𝑛𝑡   denotes land acreage proportion for land use type “l” at  county n in time period t; 

𝛾𝑐 is the intercept for land use type i, 𝛽’s are the parameters to be estimated. 𝑃𝑚
𝑛,𝑡−1 accounts 

for the price of major crops at county n in year t;  𝑌𝑛,𝑡−1  accounts for major crop yield;  𝐷𝑝
𝑛,𝑡−1 

is the population density at county n; 𝑃𝑇𝑆𝑛,𝑡 refers to per capita taxable sale at county n; 

 𝐸𝑣𝑜𝑙𝑖,𝑡−1 denotes ethanol volume;  𝐷𝑟𝑓𝑠𝑛,𝑡−1  is the dummy for renewable fuel standard 

variable (rfs); 𝐶𝑅𝑃𝑛,𝑡−1 denotes land under conservation reserve program (crp); 𝐿𝐿𝐴𝑛,𝑡−1 refers 
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to lagged proportion of land acreage of all four use classes; 𝐿𝑛,𝑡−1 refers to dummies of county n 

in time period t; 𝛽𝑛,𝑡−1
𝑝𝑚

 is the effect of major crop prices; 𝛽𝑛,𝑡−1
𝑦

 is the effect of expected yield of 

major crop; 𝛽𝑛,𝑡−1
𝑑𝑝

 is the effect of population density; 𝛽𝑛,𝑡−1
𝑃𝑡𝑠  is the effect of per capita taxable 

sale; 𝛽𝑛
𝐸𝑣𝑜𝑙 is the effect of ethanol volume; 𝛽𝑛,𝑡−1

𝑑𝑟𝑓𝑠
 is the effect of policy variables; 𝛽𝑛,𝑡−1

𝑐𝑟𝑝
 is the 

effect of CRP land; 𝛽𝑛,𝑡−1
𝑙𝑙𝑎  is the lagged effect of land use types; 𝛽𝑛,𝑡−1

𝐿  is effect of county 

dummies; and  𝑢𝑙,𝑡 is an error term for corn in county n in year t, having a mean of zero, and a 

variance 𝜎𝑛
2. 

2.6. Parameter Estimation Method 

We select four different equations known as cropland, grassland, forestland and other 

land. The dependent variables, land use acreage of different land classes, are left censored at 

zero, and the errors are assumed to be normally distributed. Ordinary least squares (OLS) 

estimates will generate inefficient and inconsistent parameters as our current period endogenous 

variables appear as regressors in other equations in the system. Also, the errors of a set of related 

regression equations are often correlated. The maximum likelihood (ML) estimation of SURE is 

more efficient as compared with OLS when (1) explanatory variables in various equations are 

not highly correlated and (2) error terms are highly correlated. However, the efficiency of the 

estimates can be improved by taking these correlations into account. The “ML” method provides 

estimation techniques that produce consistent and asymptotically efficient estimates for our 

systems of land use regression equations. Thus, we run a multivariate Tobit regression procedure 

in STATA to estimate parameters in our regression equations (cropland, grassland, forestland 

and other land). With censored regression models, a change in explanatory variables has two 

effects: an effect on mean of the dependent variable, and an effect on the probability of the 
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dependent variable being observed (McDonald and Moffitt 1980). The ML method will 

maximize the likelihood function of our regression equation.    

2.6.1. Tests of Significance 

A test of the hypothesis (H0) that crop prices, yields, biofuel variables, energy policy 

mandates, and other socio-demographic factors have no effect on land use acreage may also be 

made by the likelihood-ratio and Wald test statistic. We have a highly positive and significant 

likelihood ratio statistic under all four classes of land use acreage. Also, we have a positive and 

significant chi-square value for all land use acreage models. Thus, our null hypothesis (H0) must 

be rejected. This indicates a significant relationship of land use acreage to explanatory variables. 

The test results (both LR tests and Wald tests) are presented below: 

(i) Likelihood ratio (LR) tests 

The null and alternative hypotheses of LR tests are: 

H0: added parameters do not improve the fit of the model 

H1: at least one or jointly estimated parameter improves the fit of the model  

(ii) Robust standard error  

Without clustering, standard error are not right (not adjusted). To estimate robust 

standard error, we ran clustering set for our datasets. The standard errors are now robust due to 

clustering.  

(iii) Tests for multicollinearity 

We ran a rank correlation coefficient test and found that oil price and ethanol price are 

collinear (r = 0.85). To address this issue of multicollinearity between the two variables, we 

decided to drop the oil price from our model and rerun the regression to estimate our parameters. 

 



40 
 

2.7. Results and Discussion 

This study provides results of an analysis of how agricultural producers’ choose among 

different land use choices to achieve efficiency and maximize profits, and also determine what 

factors impact their decisions over the long run. The empirical analysis considers four major land 

use classes as dependent variables and is conducted at the county level (53 ND counties). Our 

explanatory variables can be categorized under five broad categories: econometric, biofuel, 

spatial, socio-demographic, and biophysical environment. We use a multivariate Tobit regression 

model to incorporate all variables. All our model variables are explained and reported in Table 

2.1. 

Table 2.1. Definition of variables 

Variable Definition Units Source 

Cropland_s Total proportion of 

Cropland area (land 

acres) by county of 

North Dakota 

 

Acres Cropland Data layer (1997-2015) 

https://nassgeodata.gmu.edu/CropScape; 

  

 

Grassland_s Total proportion of 

Grassland area (land 

acres) by county of 

North Dakota 

 

Acres Cropland Data layer (1997-2015) 

https://nassgeodata.gmu.edu/CropScape; 

Forestland_s Total proportion of 

Forestland area (land 

acres) by county of 

North Dakota 

 

Acres Cropland Data layer (1997-2015) 

https://nassgeodata.gmu.edu/CropScape; 

  

 

Otherland_s Total proportion of 

Otherland area (land 

acres) by county of 

North Dakota 

 

Acres Cropland Data layer (1997-2015) 

https://nassgeodata.gmu.edu/CropScape; 

  

 

Lag_cropland_s 1 year lag of cropland 

acre 

Acres Cropland Data layer (1997-2015) 

https://nassgeodata.gmu.edu/CropScape; 

Lag_grassland_s 1 year lag of 

grassland acre 

Acres Cropland Data layer (1997-2015) 

https://nassgeodata.gmu.edu/CropScape; 

Lag_forestland_s 1 year lag of 

forestland acre 

Acres Cropland Data layer (1997-2015) 

https://nassgeodata.gmu.edu/CropScape; 

 

https://nassgeodata.gmu.edu/CropScape
https://nassgeodata.gmu.edu/CropScape
https://nassgeodata.gmu.edu/CropScape
https://nassgeodata.gmu.edu/CropScape
https://nassgeodata.gmu.edu/CropScape
https://nassgeodata.gmu.edu/CropScape
https://nassgeodata.gmu.edu/CropScape
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Table 2.1. Definition of variables (continued) 
 

Variable Definition Units Source 

Lag_otherland_s 1 year lag of 

otherland acre 

Acres Cropland Data layer (1997-2015) 

https://nassgeodata.gmu.edu/CropScape; 

Year Time period Number  

Latitude Latitude of ND 

counties 

Degree http://geology.com/county-map/north-

dakota.shtml 

Longitude Longitude of ND 

counties 

Degree http://geology.com/county-map/north-

dakota.shtml 

Corn_yield County level corn, 

grain - yield 

BU / 

Acre 

 

USDA, National Agricultural Statistics 

Service, Quick Stats (survey data) 

Wheat_yield County level wheat, 

grain - yield 

BU / 

Acre 

 

USDA, National Agricultural Statistics 

Service, Quick Stats (survey data) 

Soy_yield County level soybean, 

grain - yield 

BU / 

Acre 

 

USDA, National Agricultural Statistics 

Service, Quick Stats (survey data) 

Corn_price State level corn spot 

price 

$ / BU USDA, National Agricultural Statistics 

Service, Quick Stats (survey data) 

Wheat_price State level wheat spot 

price 

$ / BU USDA, National Agricultural Statistics 

Service, Quick Stats (survey data) 

Soy_price State level soybean 

spot price 

$ / BU USDA, National Agricultural Statistics 

Service, Quick Stats (survey data) 

Ethanol_price Mean annual price $ / gal Ethanol is rack prices (wholesale truckload 

sales or smaller of gasoline where title 

transfers at a terminal); Nebraska Energy 

Office, 

http://www.neo.ne.gov/statshtml/66.html  

Pop_density Population density 

per square miles of 

land area by county 

Per 

square 

mile 

https://www.ndsu.edu/pubweb/~sainieid/n

orth-dakota-historical-population.html  

Ethanol_vol Total annual ethanol 

production (1 year 

lag) 

Millions 

of 

gallons 

Renewable fuels association 

http://www.ethanolrfa.org/policy/ 

regulations/renewable-fuel-standard/ 

Crp_proportion_s Proportion of total 

land under 

conservation reserve 

program (crp) 

Acres https://www.fsa.usda.gov/programs-and-

services/conservation-programs 

Taxsale_percap Taxable sale per 

capita by county (1 

year lag) 

Dollars 

Per 

capita 

ND sales and use tax statistical report 

1997-2015; 

http://www.state.nd.us/taxdpt/forms/sales.

html 

Rfs_dummy1 Renewable fuel 

standard (Energy 

Policy Act of 2005) 

Dummy  

 

 

https://nassgeodata.gmu.edu/CropScape
http://www.ethanolrfa.org/policy/
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Table 2.1. Definition of variables (continued) 
 

Variable Definition Units Source 

Rfs_dummy2 Renewable fuel 

standard 

(Energy 

Independence & 

security act of 2007) 

Dummy  

Mar_pdsi Palmer drought 

severity index value 

for month of March

  

Number

  

https://www.ndsu.edu/climate 

SW_D South west Dummy Regional county dummy variables for 

North Dakota crop budget regions; 

https://www.ag.ndsu.edu/farmmanagement

/crop-budget-archive 

NW_D North west Dummy 

NC_D North central Dummy 

SC_D South central Dummy 

EC_D East central Dummy 

NE_D North east Dummy 

SE_D South east Dummy 

NV_D North valley Dummy 

SV_D South valley Dummy 

 

We chose a full information maximum likelihood (FIML) method to estimate our model 

parameters. The statistical significance of regression coefficients are tested using the z-statistic 

table probability. The reported test statistics are log likelihood function = -9192.3032, Wald chi2 

(106) = 13884.69, probability > chi2 = 0.0000 and (see Table 2.2 for details). There were 954 

observations, and other reported test statistics are a likelihood ration test of rho12 = rho13 = 

rho14 = rho23 = rho24 = rho34 = 0: chi2 (6) = 1844.99. We also calculate confidence interval 

(CI), mean, and standard deviation of residual. CI refers to whether forecasts are biased for 

certain counties. For example, the CI value of residuals in Williams county ranges from +5.58 

(upper bound) to -1.18 (lower bound). True values of mean are statistically different from zero, 

because zero is inside the confidence interval.  

We estimated parameters for four different dependent variables. We have one uncensored 

equation (cropland acreage) and three censored equations (grassland, forestland, and other land 
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acreage). Our research has some limitations in terms of data on forestland and other land 

acreage. So, we have few limitation in terms of estimating the acreage of these land use 

categories. For example, the cropland data layers misspecified land use acreage under grassland, 

forestland, and other categories by putting “no data” or “0” values in a few ND counties from 

1997 to 2000. However, the datasets have significantly improved since early 2000.  

Our estimates show that the location of the county (latitude) exerts a strong and 

significant effect on cropland, grassland, forestland, and other land acreage. County latitude 

refers to how farther north the county is as compared with others. A positive latitude value (2.22) 

under the cropland equation means the farther north the county is the more cropland it has. Also, 

a negative latitude value (-2.23) under the grassland equation refers to less grassland in north 

central counties. County longitude refers to how far east the county location is. We exclude 

county longitude variable from our regression equations except one (other land). A negative (-

0.38) and statistically significant longitude means the farther east the county is the less other land 

it has. 
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 Table 2.2. Multivariate tobit/mixed model  

Number of observation = 954; Wald chi2 (106) = 13884.69 

Log likelihood = -9192.3032; Probability > chi2 = 0.0000 

 

Table 2.3. Seemingly unrelated tobit regression (SUTR) output 
 

Dependent variable: cropland_s  

Exp. 

Variables  

Coefficient  Robust  

Std. Err  

z  P > z  [95% Conf. Interval]  

lag_cropland_

s  

0.6378821  0.0962904  6.62  0.000  0.4491563  0.8266079  

lag_grassland

_s  

-0.0239006  0.0811693  -0.29  0.768  -0.1829895  0.1351882  

lag_forestland

_s  

-0.6503139  0.134461  -4.84  0.000  -0.9138526  -0.3867752  

lag_otherland

_s  

-0.0917634  0.1107459  -0.83  0.407  -0.3088213  0.1252945  

year  -0.55177  0.290958  -1.90  0.058  -1.122037  0.0184972  

latitude  2.229147  0.7511745  2.97  0.003  0.756872  3.701422  

corn_yield  -0.0216302  0.016037  -1.35  0.177  -0.0530622  0.0098017  

wheat_yield  0.0785962  0.0517555  1.52  0.129  -0.0228428  0.1800352  

soy_yield  -0.0240835  0.0417896  -0.58  0.564  -0.1059895  0.0578226  

corn_price  5.344262  0.6090232  8.78  0.000  4.150598  6.537925  

wheat_price  -3.366121  0.4903583  -6.86  0.000  -4.327206  -2.405037  

soy_price  -1.635245  0.4560467  -3.59  0.000  -2.52908  -0.7414095  

ethanol_price  1.561786  1.827868  0.85  0.393  -2.020769  5.144341  

ethanol_vol  -0.0001656  0.0002817  -0.59  0.556  -0.0007177  0.0003864  

crp_proportio

n_s  

0.0169097  0.0802522  0.21  0.833  -0.1403818  0.1742012  

    

taxsale_perca

p  

0.000046  0.0000264  1.74  0.082  -5.83E-06  0.0000978  

rfs_dummy2  11.03576  1.521189  7.25  0.000  8.05428  14.01723  

mar_pdsi  -0.0075188  0.101667  -0.07  0.941  -0.2067825  0.1917448  

NW_D  0.024598  1.576759  0.02  0.988  -3.065793  3.114989  

NC_D  4.04085  1.869121  2.16  0.031  0.3774397  7.70426  

SC_D  1.215674  1.869629  0.65  0.516  -2.448732  4.88008  

EC_D  7.16383  1.95976  3.66  0.000  3.322771  11.00489  

NE_D  7.558327  2.248677  3.36  0.001  3.151001  11.96565  

SE_D  12.46608  1.653095  7.54  0.000  9.226079  15.70609  

NV_D  11.51146  2.134026  5.39  0.000  7.328842  15.69407  

SV_D  16.94675  2.238392  7.57  0.000  12.55958  21.33391  

_cons  1023.844  568.5313  1.80  0.072  -90.45648  2138.145  

Dependent variable: grassland_s  

lag_cropland_

s  

-0.1618433  0.0843526  -1.92  0.055  -0.3271715  0.0034848  

lag_grassland

_s  

0.4575566  0.0715633  6.39  0.000  0.3172951  0.597818  
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Table 2.3. Seemingly unrelated tobit regression (SUTR) output (continued) 
Exp. 

Variables  

Coefficient  Robust  

Std. Err  

z  P > z  [95% Conf. 

Interval]  

 

lag_forestland

_s  

0.1630822  0.1229731  1.33  0.185  -0.0779406  0.404105  

lag_otherland

_s  

0.0299732  0.0997869  0.30  0.764  -0.1656054  0.2255518  

year  0.7208952  0.2731173  2.64  0.008  0.185595  1.256195  

latitude  -2.239455  0.6978844  -3.21  0.001  -3.607283  -0.8716266  

corn_yield  -0.0115109  0.0150108  -0.77  0.443  -0.0409315  0.0179096  

wheat_yield  -0.0259438  0.0460469  -0.56  0.573  -0.1161941  0.0643065  

soy_yield  0.0131146  0.0402149  0.33  0.744  -0.0657052  0.0919343  

corn_price  -2.888936  0.5647704  -5.12  0.000  -3.995866  -1.782006  

wheat_price  3.094011  0.4814572  6.43  0.000  2.150372  4.03765  

soy_price  0.4576189  0.4314504  1.06  0.289  -0.3880084  1.303246  

ethanol_price  -5.861609  1.760793  -3.33  0.001  -9.312701  -2.410517  

ethanol_vol  -0.0002636  0.0002703  -0.98  0.330  -0.0007935  0.0002663  

crp_proportio

n_s  

-0.1288571  0.0707055  -1.82  0.068  -0.2674374  0.0097231  

taxsale_perca

p  

-0.0000446  0.0000256  -1.74  0.081  -0.0000947  5.55E-06  

rfs_dummy2  -7.488403  1.457475  -5.14  0.000  -10.345  -4.631805  

mar_pdsi  -0.0786761  0.0967582  -0.81  0.416  -0.2683186  0.1109665  

SW_D  2.324467  1.525972  1.52  0.128  -0.6663837  5.315318  

NC_D  -5.99205  1.210446  -4.95  0.000  -8.364479  -3.61962  

SC_D  -0.6568643  1.703327  -0.39  0.700  -3.995323  2.681595  

EC_D  -7.270808  1.846313  -3.94  0.000  -10.88951  -3.652101  

NE_D  -11.00913  1.375112  -8.01  0.000  -13.7043  -8.313958  

SE_D  -11.56018  1.922492  -6.01  0.000  -15.32819  -7.792164  

NV_D  -11.12029  1.64531  -6.76  0.000  -14.34504  -7.895537  

SV_D  -16.24686  2.324632  -6.99  0.000  -20.80305  -11.69066  

_cons  -1298.597  535.7124  -2.42  0.015  -2348.574  -248.6196  

Dependent variable: forestland_s  

lag_cropland_

s  

-0.0197868  0.0129888  -1.52  0.128  -0.0452444  0.0056709  

lag_grassland

_s  

-0.0085173  0.0132963  -0.64  0.522  -0.0345776  0.017543  

lag_forestland

_s  

0.8894891  0.0322788  27.56  0.000  0.8262239  0.9527543  

lag_otherland

_s  

-0.0253531  0.0158878  -1.60  0.111  -0.0564926  0.0057865  

year  0.0619454  0.0400403  1.55  0.122  -0.0165321  0.1404229  

latitude  0.2953984  0.1010036  2.92  0.003  0.0974349  0.4933619  

corn_yield  0.0002941  0.0020923  0.14  0.888  -0.0038068  0.0043949  

wheat_yield  -0.0028477  0.0049676  -0.57  0.566  -0.012584  0.0068885  

soy_yield  -0.0087801  0.0044794  -1.96  0.050  -0.0175595  -6.36E-07  

corn_price  -0.0474585  0.0679171  -0.70  0.485  -0.1805735  0.0856565  

wheat_price  -0.2034318  0.0658568  -3.09  0.002  -0.3325088  -0.0743547  

soy_price  0.088432  0.0523946  1.69  0.091  -0.0142596  0.1911235  

ethanol_price  0.5470877  0.2335328  2.34  0.019  0.0893718  1.004804  

ethanol_vol  -0.0000596  0.0000282  -2.12  0.034  -0.0001149  -4.38E-06  

crp_proportio

n_s  

0.0053659  0.0110031  0.49  0.626  -0.0161998  0.0269315  
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Table 2.3. Seemingly unrelated tobit regression (SUTR) output (continued) 

Exp. 

Variables  

Coefficient  Robust  

Std. Err  

z  P > z  [95% Conf. 

Interval]  

 

taxsale_perca

p  

1.08E-06  2.77E-06  0.39  0.696  -4.36E-06  6.52E-06  

rfs_dummy2  0.2699544  0.2050373  1.32  0.188  -0.1319113  0.67182  

mar_pdsi  0.0182791  0.012205  1.50  0.134  -0.0056424  0.0422005  

SW_D  -0.0423638  0.2103426  -0.20  0.840  -0.4546278  0.3699002  

NW_D  -0.3892294  0.2135686  -1.82  0.068  -0.8078161  0.0293573  

SC_D  -0.1768219  0.1963904  -0.90  0.368  -0.5617399  0.2080962  

EC_D  -0.0352958  0.1389549  -0.25  0.799  -0.3076424  0.2370507  

NE_D  -0.0489693  0.1845207  -0.27  0.791  -0.4106232  0.3126847  

SE_D  0.3210683  0.1992177  1.61  0.107  -0.0693912  0.7115277  

NV_D  0.1322964  0.2146167  0.62  0.538  -0.2883446  0.5529375  

SV_D  0.3653734  0.218931  1.67  0.095  -0.0637234  0.7944703  

_cons  -136.8803  79.1547  -1.73  0.084  -292.0207  18.26005  

Dependent variable: otherland_s 

lag_cropland_

s  

-0.0713774  0.0305084  -2.34  0.019  -0.1311727  -0.0115821  

lag_grassland

_s  

-0.0376939  0.0277813  -1.36  0.175  -0.0921443  0.0167565  

lag_forestland

_s  

0.0060629  0.0536868  0.11  0.910  -0.0991612  0.1112871  

lag_otherland

_s  

0.4759618  0.0503392  9.46  0.000  0.3772988  0.5746248  

year  -0.2528878  0.0619742  -4.08  0.000  -0.3743549  -0.1314207  

latitude  0.3982726  0.1889273  2.11  0.035  0.027982  0.7685633  

longitude  -0.3830669  0.1076646  -3.56  0.000  -0.5940855  -0.1720482  

corn_yield  0.0214936  0.0042045  5.11  0.000  0.0132529  0.0297343  

wheat_yield  -0.0451834  0.0139252  -3.24  0.001  -0.0724763  -0.0178906  

soy_yield  0.0360754  0.0096852  3.72  0.000  0.0170928  0.055058  

corn_price  -2.39829  0.2151167  -11.15  0.000  -2.81991  -1.976669  

wheat_price  0.452629  0.171423  2.64  0.008  0.1166461  0.7886119  

soy_price  0.9991484  0.1176697  8.49  0.000  0.7685201  1.229777  

ethanol_price  4.287264  0.3769229  11.37  0.000  3.548509  5.02602  

pop_density  0.0114718  0.0040421  2.84  0.005  0.0035494  0.0193942  

ethanol_vol  0.0005652  0.0000942  6.00  0.000  0.0003805  0.0007498  

crp_proportio

n_s  

0.1333911  0.029487  4.52  0.000  0.0755977  0.1911844  

taxsale_perca

p  

2.80E-06  7.25E-06  0.39  0.699  -0.0000114  0.000017  

rfs_dummy2  -3.176321  0.8264969  -3.84  0.000  -4.796225  -1.556417  

mar_pdsi  0.1050997  0.0400696  2.62  0.009  0.0265647  0.1836347  

SW_D  0.28387  0.37602  0.75  0.450  -0.4531157  1.020856  

NW_D  -0.1913691  0.514086  -0.37  0.710  -1.198959  0.8162209  

NC_D  1.371188  0.415786  3.30  0.001  0.5562625  2.186113  

EC_D  2.0311  0.4971178  4.09  0.000  1.056767  3.005433  

NE_D  3.686256  0.7473276  4.93  0.000  2.22152  5.150991  

SE_D  2.708728  0.6423131  4.22  0.000  1.449817  3.967638  

NV_D  2.546749  0.7139495  3.57  0.000  1.147434  3.946064  

SV_D  3.595885  0.8235292  4.37  0.000  1.981798  5.209973  
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Table 2.3. Seemingly unrelated tobit regression (SUTR) output (continued) 

Exp. 

Variables  

Coefficient  Robust  

Std. Err  

z  P > z  [95% Conf. 

Interval]  

 

_cons  440.6257  124.8555  3.53  0.000  195.9133  685.3381  

 

*Robust standard error are in parenthesis. 

Likelihood ratio test of rho12 = rho13 = rho14 = rho23 = rho24 = rho34 = 0:  

chi2 (6) = 1844.99; Probability > chi2 = 0.00. 

 

Table 2.4. Cross correlated error term 

 
Sigma Coefficient Robust Std. Err z P > z [95% Conf. Interval] 

/lnsigma1 2.05039 0.0303362 67.59 0.000 1.990932 2.109848 

/lnsigma2 2.031406 0.0297114 68.37 0.000 1.973173 2.089639 

/lnsigma3 0.0634541 0.0862013 0.74 0.462 -0.1054973 0.2324054 

/lnsigma4 0.9568896 0.042085 22.74 0.000 0.8744045 1.039375 

/atrho12 -1.369484 0.0458152 -29.89 0.000 -1.45928 -1.279688 

/atrho13 -0.1165339 0.037377 -3.12 0.002 -0.1897915 -0.0432763 

/atrho14 -0.167721 0.0276801 -6.06 0.000 -0.221973 -0.113469 

/atrho23 0.0364486 0.0349836 1.04 0.297 -0.0321181 0.1050153 

/atrho24 -0.1192127 0.0299432 -3.98 0.000 -0.1779004 -0.060525 

/atrho34 -0.0288718 0.0263293 -1.10 0.273 -0.0804764 0.0227327 

sigma1 7.770929 0.2357404 32.96 0.000 7.322354 8.246984 

sigma2 7.624801 0.2265434 33.66 0.000 7.193465 8.082001 

sigma3 1.065511 0.0918484 11.60 0.000 0.8998769 1.261631 

sigma4 2.603586 0.1095719 23.76 0.000 2.397447 2.827448 

rho12 -0.8785745 0.0104508 -84.07 0.000 -0.8975126 -0.8564017 

rho13 -0.1160092 0.036874 -3.15 0.002 -0.187545 -0.0432493 

rho14 -0.1661658 0.0269158 -6.17 0.000 -0.2183977 -0.1129845 

rho23 0.0364325 0.0349372 1.04 0.297 -0.0321071 0.1046309 

rho24 -0.1186511 0.0295217 -4.02 0.000 -0.1760471 -0.0604512 

rho34 -0.0288638 0.0263074 -1.10 0.273 -0.0803031 0.0227288 

Likelihood ratio test of rho12 = rho13 = rho14 = rho23 = rho24 = rho34 = 0:  

chi2 (6) = 1844.99; Probability > chi2 = 0.0000. 

All four of our model dependent variables (land use acreage proportion) have been scaled 

(multiplied by 100). The autoregressive terms (dependent variable lag) are also included in the 

regression. Key results indicate last year’s cropland acreage has a positive impact on current year 

cropland acreage, whereas it has negative impact on all other (grassland, forestland, and other 
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land) categories. In other words, farmers tend to retain all their cropland from last year and are 

likely to convert grassland (primarily) to maximize profits and gain efficiency.  

We expected the crop prices variables (corn price, wheat price, as soybean price) as likely 

to be positively correlated with the crop land acreage and negatively correlated with all other 

(grassland, forestland, and other land) categories. Key findings indicate a 1% increase in the corn 

future price led, on average, to about a 5.34% increase in cropland expansion and a 2.88% 

decrease in grassland acreage, respectively. Also, other land acreage decreases by 2.39% due to a 

1% increase in corn price. However, forestland is unaffected by corn prices. The impact of wheat 

price does not meet our expectations in any land categories except forestland. A 1% increase in 

the wheat future price led, on average, to about a 0.20% decrease in forestland acreage. 

Moreover, the impact of soybean prices and ethanol volume failed to meet our expectation. 

Ethanol price is found to have a positive impact on cropland (not statistically significant) and a 

negative impact on grassland. As expected, a 1% increase in ethanol price led, on average, to 

about a 5.86% decrease in grassland expansion (see Table 2.3). Further, ethanol price is found to 

have positive impact on forest and other land acreage.  

The major crop yield variables (corn yield, soybean yield, wheat yield) are expected to 

have a negative effect on grassland, forestland, and other land acreage. However, none of the 

crop yield variables are significant under the grassland equation. However, major crop yield 

variables (corn yield, soybean yield, wheat yield) are expected to have a positive effect on 

cropland acreage. As expected, a 1% increase in wheat production led, on average, to about a 

0.07% increase in cropland acreage and a 0.04% decrease in other land acreage. Also, a 1% 

increase in soybean production led, on average, to about a 0.03% increase in other land acreage 

and a 0.008% decrease in forestland acreage. However, the sign of corn yield variables does not 
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match our expectation (except under other land acreage). Corn yield is found to have a positive 

and statistically significant impact on other land expansion.  

Another important exogenous factor, known as land acreage under the Conservation 

Reserve Program (CRP), is likely to be negatively correlated with cropland acreage and 

positively correlated with grassland acreage. We also find that land acreage under the CRP has a 

positive (+0.13) and statistically significant effect on other land acreage.  

Rural income as a form of non-agricultural sales (taxable sale per capita) also affects the 

probability of farmland conversion. Farmers in counties with higher rural income (higher taxable 

sale per capita) are more likely to convert their cropland to forests, grassland, and watered areas. 

In other words, cropland is less likely to stay in agricultural use if taxable sales per capita 

increase. However, sales tax per capita is found to have no impact on any land use categories.  

The 2007 Biofuel Energy Independence and Security Act was found to have a positive 

and statistically significant impact on cropland expansion and a negative and statistically 

significant impact on grassland expansion. This act was also found to have no impact on 

forestland expansion and a negative and statistically significant impact on other land expansion. 

Findings indicate the Biofuel Energy Independence and Security act of 2007 (rfs_dummy2 

variable) is positively (+11.03) correlated with cropland expansion and negatively (-7.48) 

correlated with grassland and other land acreage (-3.17) as expected. In other words, cropland 

acreage increases by 11.03% and grassland decreases by 7.48% due to the 2007 biofuel policy 

act. In addition, other land acreage decreases by 3.17% due to the act. From 2005 to 2015, 603.2 

thousand acres of grasslands were converted. This amount includes grassland such as native, 

planted, and land used for pasture or hay. From 2007 to 2016, cropland area increased by 572.3 

thousand acres (see Table 2.3). Our findings are in line with other study findings. A total of 
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136,000 acres of converted wetlands are concentrated in North Dakota and Minnesota (T. J. Lark 

et al., 2015).  

Soil moisture in March is expected to have an impact on cropland and grassland acreage, 

as producers make their crop planting decisions during that time. The PDSI variable is found to 

have no impact on any land use category except other land. Findings indicate that a 1% increase 

in soil moisture led, on average, to about a 0.10% increase in other land acreage.  

Socio-demographic variables like population density are not significant under any of 

these land categories except other land. The population density is positively correlated with other 

land (primarily urban land acreage) expansion as expected. Our estimates show that a 1% 

increase in population density led, on average, to about a 0.01% increase in other land acreage 

(see Table 2.3).  

Key results indicate that a majority of the regional dummy variables have a significant 

effect on land use acreage (see Table 2.3). For example, positive north central regional dummies 

(under a cropland equation) indicate more cropland acreage in that region. However, negative 

north central regional dummies indicate less grassland acreage in the same region. Grassland and 

forestland are not cross correlated. Further, as we move toward the north valley and south valley 

region, we see more urban land and less grassland as compared with other counties.  

We have noise in grassland and other land, and it does vary from year to year. Forestland 

has the smallest variance of error due to a small value. Rolette and Bottineau counties have 

significant amounts of forestland acreage as compared with other ND counties. Those counties 

have Forest Service land, mountains, and parks. 
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2.8. Conclusion 

The unique aspect of this study is the focus on how landowners’ land choice decisions 

vary due to socio-economic, environmental, and biophysical factors on a regional scale. This 

research is primarily based on secondary data, including extensive use of secondary geospatial 

data and USDA NASS data. The key goal of this research is to examine the responsiveness of 

different land use classes (cropland, grassland, forestland, and other land) due to exogenous 

factors. The land use acreage for four major classes are set as dependent variables in our model, 

whereas explanatory variables are categorized as land area under conservation reserve program 

(CRP), taxable sale, major crop prices, volume and price of ethanol, oil prices, regional dummy 

variables, biofuel energy policy variables, and soil moisture index.  

We utilize a multivariate statistical model (seemingly unrelated Tobit regression) as well 

as structured iterative analysis to examine adoption decision behaviors. In other words, 

producers’ land choice adoption decision behavior due to various drivers are examined through a 

conceptual framework and empirical analysis. Key results indicate the role of climate as a driver 

for land use change is quite evident. Also, grasslands are more likely to be converted to cropland 

in areas of higher precipitation. 

Understanding the connection between biofuel policy mandates, crop prices, climate, and 

crop area response are useful in the design of agricultural, environmental, and natural resource 

management policies. In other words, understanding the drivers of different land use choices at a 

micro scale is useful to design natural resource management policies. It will help forecast future 

land use trends and the factors driving it. Finally, these research findings will help policy makers 

and producers make more informed land conservation decisions. 

 



52 
 

2.9. Literature Cited 

Alig, R.J. 1986. Econometric Analysis of Forest Acreage Trends in the Southeast. Forest Science   

     32(1):119-134. 

Alonso, W. 1964. Location and land use: toward a general theory of land rent. Harvard   

     University Press, Cambridge, MA. 204. 

Anderson, S.T., and A. Elzinga. 2014. A Ban on One Is a Boon for the Other: Strict Gasoline   

     Content Rules and Implicit Ethanol Blending Mandates. Journal of Environmental Economics   

     and Management 67 (3):258-73. 

Amemiya, Takeshi. 1984. Tobit Models: A Survey. Journal of Econometrics 24(1):3-61. 

Annual Energy Outlook 2016. Energy Information Agency. 2016. US Dept. of Energy 

      http://www.eia.gov/outlooks/aeo/executive_summary.cfm 

Auch, R.F., K.L. Sayler, D.E. Napton, J.L. Taylor, and M.S. Brooks. 2011. Ecoregional  

     differences in late-20th–century land-use and land-cover change in the U.S. Northern Great  

     Plains. Great Plains Research 21:231-243. 

Brown, D.G., B.C. Pijanowski, and J.D. Duh. 2000. Modeling the relationships between land use  

     and land cover on private lands in the Upper Midwest, USA. Journal of Environmental   

     Management 59:247-263. 

Carter, C.A., G.C. Rausser, and A. Smith. 2016. Commodity Storage and the Market Effects of  

     Biofuel Policies. American Journal of Agricultural Economics 98:1-29. 

Classen, R., F. Carriazo, J.C. Cooper, D. Hellerstein, and K. Udea. 2011a. Grassland to Cropland  

     Conversion in the Northern Plains: The Role of Crop Insurance, Commodity, and Disaster  

     Programs. Report ERR-120.Washington, DC: U.S. Department of Agriculture, Economic   

     Research Service. Retrieved from http://www.ers.usda.gov/media/128019/err120.pdf 

http://www.eia.gov/outlooks/aeo/executive_summary.cfm
http://www.ers.usda.gov/media/128019/err120.pdf


53 
 

Claassen R., Carriazo, F., Cooper, J.C., Hellerstein, D., Ueda, K., 2011b. Grassland to Cropland   

     Conversion in the Northern Plains: The Role of Crop Insurance, Commodity, and Disaster   

     Programs. Economic Research Report No. ERR-120 (US Department of Agriculture  

     Economic Research Service, Washington, DC. 

Clay, D.E., Clay, S.A., Reitsma, K.D., Dunn, B.H., Smart, A.J., Carlson, G.G., Horvath, D.,   

     Stone, J.J., 2014. Does the conversion of grasslands to row crop production in semi-arid areas  

     threaten global food security? Global Food Security 3(1):22-30. 

Cropper, M., and C. Griffiths. 1994. The interaction of population growth and environmental   

    quality. American Economic Review 84:250-254. 

Cully, A.C., J.F. Cully Jr, and R.D. Hiebert. 2003. Invasion of exotic plant species in talgrass   

    prairie fragments. Conservation Biology 17:990-998. 

Fargione JE, et al. (2009) Bioenergy and wildlife: Threats and opportunities for grassland  

     conservation. Bioscience 59:767-777. 

Feng, H., D.A. Hennessy, and R. Miao. 2013. The effects of government payments on cropland  

     acreage, CRP enrollment and grassland conversion in the Dakotas. American Journal of  

     Agricultural Economics 95:412-418. 

Fujita, Masahisa. 1989. Urban Economic Theory: Land Use and City Size. New York:  

     Cambridge. 

Geohegan, J., L.A. Wainger, and N.E. Bockstael. 1997. Spatial landscape indices in a hedonic  

     framework: an ecological economics analysis using GIS. Ecological Economics 23:251-264. 

Goldberger, A.S. 1964. Econometric theory (Wiley, New York). 

Goodwin, B.K., Marra M, Piggott N, and Mueller S. 2012. Is yield endogenous to price? An  

     empirical evaluation of inter-and intra-seasonal corn yield response. North Carolina State  

     University. Paper presented at AAEA annual meeting, Seattle WA.  



54 
 

Hertel, T.W., 2011. The Global Supply and Demand for Land in 2050: A Perfect 

     Storm? American Journal of Agricultural Economics 93(2):259-275. 

Hertel T, Tyner W, Birur D. 2008. Biofuels for all? Understanding the global impacts of   

     multinational mandates. GTAP Working Paper # 51. Accessed 10/21/16. Center for Global  

     Trade Analysis, Purdue University, http://www.agecon.purdue.edu/papers/biofuels/Hertel-  

     Tyner-Birur-Biofuels.pdf. 

Homer, C., Dewitz, J., Fry, J., Coan, M., Hossain, N., Larson, C., Herold, N., McKerrow, A.,   

     Vandriel, J.N., Wickham, J. 2007. Completion of the 2001 National Land Cover Database for  

     the conterminous United States. Photogrammetric Engineering and Remote Sensing 73:337- 

     341. 

Huang, C. J., F. A. Sloan, and K. W. Adamache. 1987. Estimation of Seemingly Unrelated Tobit  

     Regressions via the EM Algorithm. Journal of Business & Economic Statistics 5(3):425-430. 

Janssen, L., Davis, J., Inkoom, S.A. 2015. South Dakota Agriculture Land Market Trends 1991-  

     2015. South Dakota State University Publication 03-7008-2015.  

     https://igrow.org/up/resources/03-7008-2015.pdf, last accessed November 12, 2016. 

Lark, T. J., Salmon, J. M., Gibbs, H. K. (2015). Cropland expansion outpaces agricultural and   

     biofuel policies in the United States. Environmental Research Letters 10 (4):1-11. 

     doi:10.1088/1748-9326/10/4/044003 

Lichtenberg, Erik, and Chengri Ding. 2009. “Local Officials as Land Developers: Urban Spatial   

     Expansion in China.” Journal of Urban Economics 66 (1):57-64. 

Li M, Wu JJ, Deng XZ. 2013. Identifying drivers of land use change in China: A spatial  

      multinomial logit model analysis. Land Economics 89:632-654. 

 

http://www.agecon.purdue.edu/papers/biofuels/Hertel-%20%20%20%20%20%20Tyner-Birur-Biofuels.pdf
http://www.agecon.purdue.edu/papers/biofuels/Hertel-%20%20%20%20%20%20Tyner-Birur-Biofuels.pdf


55 
 

MEA, 2005. Millenium ecosystem assessment. In Ecosystems and human well-being:   

     biodiversity synthesis. Washington, DC: World Resources Institute. 

Miao, R., Hennessy, D.A., Feng, H., 2016. The effects of crop insurance subsidies and sodsaver  

     on land use change. Journal of Agricultural and Resource Economics. 41(2):247-265. 

Miao, R., Hennessy, D.A., Feng, H., 2014. Sodbusting, crop insurance, and sunk conversion.  

     Land Economics 90(4):601-622. 

McDonald, J., & Moffitt, R. 1980. The Uses of Tobit Analysis. The Review of Economics and  

     Statistics 62(2):318-321.  

Nelson, Forrest, and Olson, Lawrence. 1978. Specification and estimation of a simultaneous  

     equation model with limited dependent variables. International Economic Review 19(3):695- 

     709.  

Rashford, B.S., J.A. Walker, and C.T. Bastian. 2011. Economics of Grassland Conversion to   

     Cropland in the Prairie Pothole Region. Conservation Biology 25:276–284. 

Reitsma, K.D., Dunn, B.H., Mishra, U., Clay, S.A., DeSutter, T., Clay, D.E., 2015. Land use   

     change impact on soil sustainability in a climate and vegetation transition zone. Agronomy  

     Journal 107(6):2363-2372. 

Renewable Fuels Association. (2016). Statistics Page, http://www.ethanolrfa.org/pages/statistics,   

     accessed October 7, 2016. 

Roberts, M.J., and W. Schlenker. 2013. Identifying Supply and Demand Elasticities of   

     Agricultural Commodities: Implications for the U.S. Ethanol Mandate. American Economic  

     Review 103 (6):2265–95. 

Samson, F.B., and F.L. Knopf. 1994. Prairie conservation in North America. Bio Science 44:  

     418–442. 



56 
 

Samson, F.B., F.L. Knopf, and W.R. Ostlie. 2004. Great Plains ecosystems: past, present, and   

     future. Wildlife Society Bulletin 32:6–15. 

Skonhoft, A., and H. Solem. 2001. Economic growth and land-use changes: the declining   

     amount of wilderness land in Norway. Ecological Economics 37:289-301. 

Stephens, S.E., J.A. Walker, D.R. Blunk, A. Jayaraman, D.E. Naugle, J.K. Ringleman, and A.J.   

     Smith. 2008. Predicting Risk of Habitat Conversion in Native Temperate Grasslands.   

     Conservation Biology 22:1320-1330. 

Sohl, T.L., B.M. Sleeter, K.L. Sayler, M.A. Bouchard, R.R. Reker, S.L. Bennett, R.R. Sleeter,  

     R.L. Kanengieter, and Z. Zhu. 2012. Spatially explicit land-use and land-cover scenarios for   

     the Great Plains of the United States. Agriculture, Ecosystems and Environment 153:1-15. 

Tobin, James. 1958. Estimation of Relationships for Limited Dependent Variables.   

     Econometrica 26(1):24-36. 

Vincent, C.H, Hanson, L.A., Bjelopera, J.P., 2014. Federal land ownership: Overview and data.  

     Congressional Research Service Report for Congress 7-5700. Washington DC, USA. 

Wallander S, Claassen R, Nickerson C. 2011. The Ethanol Decade: An Expansion of U.S. Corn  

     Production, 2000–2009. EIB-79 (US Department of Agriculture Economic Research Service,  

     Washington, DC). 

Wang, Jinxia, Robert Mendelsohn, Ariel Dinar, Jikun Huang, Scott Rozelle, and Lijuan Zhang.  

     2009. The Impact of Climate Change on China’s Agriculture. Agricultural Economics 40 (3):   

     323-37. 

 

 

 



57 
 

Wang T., Luri M., Janssen L., Hennessy D., Feng H., Wimberly M. and Arora G. 2016.  

     Determinants of Motives for Land Use Decisions at the Margins of the Corn Belt. Paper   

     presented at Agricultural & Applied Economics Association Annual Meeting, Boston,  

     Massachusetts, July 31-August 2. 

Wear, D. N., M.G. Turner, and R.J. Naiman. 1998. Land cover along an urban-rural gradient:  

     implications for water quality. Ecological Applications 8:619-630. 

White, F.C., and F.N. Fleming. 1980. An analysis of competing agricultural land uses. Southern   

     Journal of Agricultural Economics 12(4):99-103. 

Wright, C.K., and M.C. Wimberly. 2013. Recent land use change in the Western Corn Belt  

     threatens grasslands and wetlands. Proceedings of the National Academy of Sciences USA,   

     110:4134-4139. 

Zellner, A. 1962. An Efficient Method of Estimating Seemingly Unrelated Regression Equations  

     and Tests of Aggregation Bias. Journal of the American Statistical Association 57:500-509. 

http://datagateway.nrcs.usda.gov/ 

USDA National Agricultural Statistics Service Cropland Data Layer. 2017. Published crop-  

     specific data layer. Available at https://nassgeodata.gmu.edu/CropScape/ (accessed  

     December 10, 2016. USDA-NASS, Washington, DC). 

CropScape – Cropland Data Layer. Available at https://nassgeodata.gmu.edu/CropScape/ 

    accessed at December 12, 2015. 

North Dakota GIS Hub Data Portal. 2016. Available at   

    (http://www.nd.gov/gis/apps/DataDownload/?clipping=Full&coord=ND83-  

    SF&format=SHAPE&layers=NDHUB.COUNTIES). (accessed November 10, 2016. USDA-  

    NASS, Washington, DC). 

http://datagateway.nrcs.usda.gov/
https://nassgeodata.gmu.edu/CropScape/
http://www.nd.gov/gis/apps/DataDownload/?clipping=Full&coord=ND83-


58 
 

CHAPTER 3. DYNAMIC CORN ACREAGE RESPONSE UNDER ECONOMIC 

TRANSFORMATION  

3.1. Abstract  

This study provides an analysis of producers’ corn planting decision behavior in response 

to econometric factors, the biophysical environment, and biofuel policy mandates.  Specifically, 

we measure the effects due to economic impacts on an area planted with corn from 1990 to 2015. 

We develop a crop supply response model and estimate that acres planted with corn in the state 

of North Dakota have increased by 1.2 million over the last twelve years. Also, the value of crop 

price elasticities indicates a significant impact on corn planted acreage decisions due to change in 

crop prices. Corn future price and ethanol price elasticities are positively impacted by corn 

planted acreage whereas corn planted acreage negatively impacts competitive crop price 

elasticities. We find that impact of climate variables on corn acreage decision is evident. We 

show that the inclusion of county interaction effect variables significantly improves the model 

parameters. Key findings also indicate that a 1% increase in soil moisture in month of May led to 

a 0.1486% increase in corn acreage expansion. Similarly, as maximum temperature increased 

during the planting season, corn planted acreage expanded significantly. Also, the total rainfall is 

positively correlated with corn planted acreage as expected. For example, a 1% increase in total 

rainfall led to a 0.2143% increase in total corn planted acreage. 
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3.2. Introduction 

This article highlights the connection between the decisions of U.S. farmers on local crop 

selections in response to the demand of ethanol for biofuel production. We measure this response 

by analyzing the change in corn crop areas due to crop prices, oil and ethanol prices, the biofuels 

boom, climate, and other economic determinants at the county level in the State of North Dakota 

(ND) from 1990 to 2015.  

There has been steady economic growth in many U.S. rural areas as biofuels emerge as a 

substitute for petroleum-based energy (Motamed et al. 2016). Farmers face new challenges as 

their crop mix is increasingly destined for ethanol plants and less for food and livestock feed 

consumption. The increased demand for biofuel has led to a corresponding increase in the 

quantity produced. Biofuel production has had an impact on overall energy price, energy 

consumption, and Greenhouse Gas (GHGs) emissions (Fargione, Hill, Tilman, Polasky, and 

Hawthorne 2008). Key findings from life-cycle studies suggest that replacing gasoline with 

ethanol (biofuel) reduces GHGs when made from corn (Searchinger et al. 2008). This expansion 

of biofuel crops might also affect habitat characteristics and ultimately lead to a reduction of 

biocontrol services (i.e., the long-term self-sustaining treatment method for managing invasive 

plants) (Landis, Gardiner, Werf, and Swinton 2008). An increase in demand for biofuel 

feedstock dominates agricultural landscapes and is also responsible for changes in the 

landscapes’ composition. Also, there might be a reduction of biocontrol services due to the 

expansion of corn land acreage (Landis et al. 2008).  

The increasing demand for corn-based ethanol has led to an increase in price by 40%, 

20%, and 17% for corn, soybean, and wheat, respectively (Searchinger et al. 2008).  As a 

response to this, farmers often choose to clear additional forests and grasslands and replace them 
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with food crops. So, these factors of biofuel demand and the resulting swing in crop prices drive 

crop allocation decisions made by farmers. Also, climate conditions influence the allocation 

decision of farmland to alternative crops (Weersink, Cabas and Olale 2010).   

Due to its high demand, the rate of conversion of forestland and grassland to produce 

food crop-based biofuels is increasing in the U.S. where corn and soybean account for over 90% 

of biofuel production (Baier, Clements, Griffiths, and Ihrig 2009). Corn is also known as the 

major feedstock for biofuel production, and as a result, in recent years, the U.S. has experienced 

higher corn cropland acreage as compared to any other crop. A total of 37% of the corn crop in 

2015 was used to produce ethanol for mixing with gasoline compared to only 14% in 2005 

(Carter et al. 2016). This rapid growth is primarily due to the Renewable Fuel Standard (RFS) 

mandated by the U.S. federal government. 

There has been a significant expansion of ethanol production (e.g., the introduction of 

gasoline blended with ethanol) since the beginning of 2005 with the enactment of the Energy 

Policy Act and again in 2007 with the Energy Independence and Security Act. The U.S. 

Congress introduced rules to require the mixing of 15 billion gallons of conventional biofuel 

(i.e., corn-based ethanol) with gasoline by 2015. As a response to these policies, U.S. ethanol 

production increased from 3.9 billion gallons in 2005 to 14.8 billion gallons in 2015 (Renewable 

Fuels Association 2015) thereby bringing the share of ethanol to 10% of the total motor gasoline 

supply.  

The increased production of corn-based ethanol requires more corn feedstock, and the 

corresponding shift in demand for corn ultimately put pressure on farmland. The total corn 

planted acres in the U.S. increased from 81.8 million in 2005 to 94.49 million acres in 2016.  
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Figure 3.1. North Dakota Corn planted acreage map by county 

The corn planted acreage map by counties of ND represents the concentration of corn 

land over time (Figure 3.1). The total corn production from this acreage rose from 11 billion 

bushels in 2005 to 15.2 billion bushels in 2016 (ERS 2016). 

The driving factors behind this dramatic growth in corn-based ethanol include the Clean 

Air Act of 1970 (which requires fuel to include an “oxygenating” agent in high smog areas), the 

Renewable Fuel Standard Acts of 2005 and 2007 (requiring the ethanol limit to be blended into 

the fuel supply), and market forces (when price increases in crude oil led to a higher demand for 

ethanol). Previously published findings indicate that this increase in biofuel production drove 

growth in corn prices by 22% and soybean prices by 15% between 2007 to 2008 (Baier et al. 

2009). Therefore, the primary factors causing changes in corn planted acreage are high demand 

for biofuel and biofuel policy mandates. 

This study presents the effects on corn acreage response due to changes in crop prices, oil 

and biofuel volume, prices, and other exogenous variables. It examines the impact of climate 
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change, market demand for ethanol, and other underlying factors driving local corn planting 

decisions by North Dakota (ND) farmers. Two concerns motivate this research: first, the 

increased impact of climate change on crop area, yields, and land values; and second, the 

expansion of economic growth in U.S. rural economies due to the emergence and success of 

biofuel technology as a substitute for traditional energy sources. For example, a rural farmer 

might view ethanol as a value-added strategy and so can achieve financial gain by processing 

their corn into ethanol instead of selling it on the commodity market (Low and Isserman 2009). 

Feedstock producers may also then achieve additional financial success along with an increase in 

land values located near ethanol plants (Henderson and Gloy 2009). In addition to these 

economic benefits, the increasing volatility in petroleum markets and the demand for renewable 

energy have further contributed to the growing interest in bioenergy crops.  

The literature covering the estimation of supply in response to prices in agricultural 

economics has a long history (Nerlove 1956; Lee and Helmberger 1985), and there is now a 

renewed interest in supply response research. Much of the existing econometric analyses focus 

on domestic price shocks to national supply responses (Haile et al. 2015) along with a 

concentration on country-level supply responses to prices (Yu et al. 2012). This article instead 

addresses the supply response function of crop corn at the county-level due to factors like crop 

prices, biofuel policies, rainfall, temperature, crop yields, and other crop stock variables. For our 

empirical study, we use acreage as a representation of the desired output supply. 

Corn planted acres is selected for modeling the output supply response because (a) it is 

not influenced by external shocks that occur after planting and (b) acreage response is also an 

environmental issue, which this analysis includes. Following Nerlove (1958), several previous 

studies alternatively selected yield and production along with acreage as proxy for the desired 
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output supply (Coyle 1993; Haile, Kalkuhl, and von Braun 2014). In addition, the majority of 

previous empirical literature at the farm- and micro-level ignore the climate affect in their supply 

response model (Lansink 1999, Vitale, Djourra, and Sidibé 2009). However, external “climate 

variables” are also important to include in supply response model because as farmers become 

aware of the climate for a certain location (the maximum and minimum air temperature, and 

precipitation over the long run), their production decision-making would be more informed. 

Therefore, a climate variable is included here to see how it might affect farmers’ planting 

decisions. The impact of weather on yields can be estimated by using a simulation approach and 

field experiments (Long et al. 2006). A Ricardian economic approach has also been used to 

assess the impact of climate change using cross-sectional data, which assumes constant input and 

output prices over time (Schlenker and Roberts 2009).  

Several empirical studies in the literature conclude the possibility that producers would 

switch crops as a result of changing prices and other factors. This choice then leads to acreage 

expansion of “high demand” crops, such as corn, by shifting out “low demand” cropland 

(Goodwin et al. 2012). Another study supports the idea that selecting planted acreage as a 

dependent variable can reduce endogeneity bias in a supply elasticity estimation (Roberts and 

Schlenker 2009). Our research subtly differs from these previous studies regarding the selection 

of the dependent variable (corn planted acreage), the proxy used for expected prices, and the 

inclusion of prices and yields from North Dakota producers’ own and competing crops. Instead, 

we use corn, wheat, and soybean future prices to proxy for farmers’ anticipated prices. 

We also contribute to the literature by identifying how information about temperature and 

precipitation affect corn acre planting decisions. Farmers are facing the challenge of increasing 

food production to address the issue of a growing per-capita consumption and the use of 
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agricultural products as biofuels. The problem of planting time is key to maintaining crop yields 

in the face of a changing climate (Sacks et al. 2010; Lauer et al. 1999). The information on 

relative wetness and dryness of a local area is also affecting planting decisions as farmers can 

rotate their crop choices based on these levels in the atmosphere. 

The hypothesis of this paper is the corn acreage response function correlates crops 

selections by individual farmers and their competitors with the expected prices, yields, ethanol 

prices and volume, crop stocks, air temperature and precipitation in the long run. The central 

question explored here is how corn planting decisions by local farmers and producers are 

affected by changes in expected prices and yields of their crops and those of their competitors, 

along with energy prices and weather variables. Also, we provide relevant information on the 

potential exogenous factors that drive corn acreage expansion in North Dakota. Our article 

highlights the connection between the growing energy sector and the weather, and the 

consequences for these local crop areas. Finally, we analyze the supply responsiveness of corn 

crops to changes in output prices for major crops, ethanol production, biofuel policies, and 

weather at the county-level of North Dakota. Understanding the connection between biofuel 

policy mandates, crop prices, climate, and crop area response are useful when designing 

agricultural, environmental, and natural resource management policies. Researchers and policy-

makers are very interested in better understanding the effects of the biofuel industry on the 

agricultural landscape of the United States (U.S.). The findings presented here will help forecast 

future land use trends and crop area responses. Further, this research will help policy-makers and 

producers make better-informed crop production decisions. 
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3.3. Conceptual Framework 

A crop production function can model the relationship between crop yield per acre or 

acreage expansion and the factors affecting it, such as farm management practices, climate, and 

input and expected output prices. Crop yield per acre or acreage expansion at the county-level 

represents the decision of farmers both as an intensive and extensive margin. Farming decisions 

are likely to be affected by prices of crops as well as agricultural policies. In other words, both 

price and non-price factors play a vital role when examining farmers’ production behavior and 

supply response. Price factors include output prices (both spot and future prices of crops) and 

input costs, and non-price factors including biophysical conditions, such as rainfall, temperature, 

and irrigation (Haile, Kalkuhl, and von Braun 2015; You et al. 2009). Due to a lack of resources, 

there is a delay of output adjustments (including area and yield) for one to two agricultural 

production cycles. So, it is important to adopt a dynamic approach that incorporates time lags in 

the agricultural supply response. 

Two key frameworks have been developed to estimate supply responses after applying 

adjustments from both theoretical and empirical considerations (Haile et al. 2015; Sadoulet and 

de Janvry 1995). The first is the Nerlovian Partial adjustment Model (NPM) and the second is 

the Supply Function Approach (SFA). NPM allows for the estimation of adjustments from the 

actual output to the desired output. A profit-maximizing framework is the basis for SFA (Ball 

1988). 

Our main focus in this research is to estimate the output supply function. In other words, 

our goal is to estimate farmers’ output reaction to policy instruments and other price variables. 

As a result, we choose NPM to frame the econometric approach based on price expectations and 

partial area adjustments. We also expect that factors such as rainfall and the maximum and 
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minimum temperature measured during the previous and current seasons play a fundamental role 

in farmers’ corn acreage decisions. Thus, we also add alternative price expectation assumptions 

and other key explanatory variables, including weather, biofuel, energy policy, and corn revenue, 

into our econometric model. 

3.3.1. Theoretical Model 

Crop supply response model can be formulated in terms of area, yield or total output 

response. Here, we model our corn supply response (dependent variable) in terms of planted 

acres. The desired crop area in time period “t” can be expressed as a function of expected prices 

of output and several other exogenous factors (Braulke 1982). 

 Yt
a = β1 + β2

⃗⃗⃗⃗ EP⃗⃗ ⃗⃗ 
t
e + β3

⃗⃗⃗⃗ Xt
⃗⃗  ⃗ + εt         (10) 

Here,  𝑌𝑡
𝑎  refers to planted acres of crop “a” in t time period;  𝐸𝑃⃗⃗⃗⃗  ⃗ is the vector of expected prices;  

𝑋𝑡
⃗⃗⃗⃗  denotes vector of set of exogenous variables including biofuel, energy policy variables, the 

wetness and dryness of weather, climate variables etc;  𝜀𝑡 accounts for unobserved factors 

affecting planting decision with zero expected mean; and  𝛽𝑡 are the parameters to be estimated. 

Here, we model the desired planted area of corn as a function of prices of corn and other 

competing crops of last year, expected yield and revenue to competing crops, and all other 

exogenous factors. We have N counties observed over T periods, the area of crop “c” in county i 

in t time period. We can rewrite equation (1) as  

Ycit = αc0 + ∑ αceYci,t−1
l1
e=1 + ∑ Ʃj βc,j,k

l2
k=1  ( Xcij,t−k) + φct + θci + ucit     (11) 

E (θci) = E (ucit) = E (θciucit) = 0                     (12)       

𝑖 = 1, …𝑁; t = m+2, . . . , T.     
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Where 𝑌𝑐𝑖𝑡  denotes corn planted area in county i in time period t; 𝛼𝑐0 is the intercept; 𝛼’s  and 

𝛽’s are the parameters to be estimated; 𝑋𝑗’s are independent variables, the prices include future 

prices of own and competing crops that prevails in period t - k., and all other exogenous 

variables; 𝜑𝑐𝑡 denotes dummy to capture the effect of biofuel policies and regulations; 

𝑢𝑐𝑖𝑡 (idiosyncratic shock) refers to two orthogonal components of the disturbance term.  Also, 

we assume the lag lengths 𝑙1 and 𝑙2 are sufficient to enusure that 𝑢𝑐𝑖𝑡 is a stochastic error, 

usually 𝑙1 equals 𝑙2.   

3.4. Data and Variable Selection 

For our model, we utilize a comprehensive database covering a period from 1990 to 2015 

compiled from county-level planted acreage data for corn provided by the National Agricultural 

Statistics Service (NASS) of the U.S. Department of Agriculture (USDA). This time-series data 

(Table 1) is used to estimate an acreage response function for corn where the corn planted area is 

the dependent variable. All other explanatory variables are incorporated in our estimation model. 

The corn acreage response function includes data from all 53 ND counties. Also, corn and wheat 

spot price variables (excluding future prices) represent a one-year lag from state-level prices. 

However, the ethanol price variable is obtained from the national-level price. Finally, we apply a 

logarithmic transformation to all variables except the dependent variable. 

We model farmers’ price expectations using relevant crop spot and future prices since 

actual prices are not yet available during planting time. We use Quandl, an Microsoft Excel 

extension, to compile the future price data for corn, soybean, and wheat between 1999 and 2015. 

From this source, we select February’s price of corn for September future contracts and 

February’s price of wheat for August future contracts. Further, the corn and wheat future prices 
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data are collected from the Chicago Mercantile Exchange futures data and Stevens Continuous 

futures data, respectively. All model variables are listed and explained in Table 1. 

The decision of timing of corn planting varies depending on the relative wetness and 

dryness of the weather. Thus, we also include the Palmer Drought Severity Index (PDSI) to 

capture the soil moisture effect on corn planting decisions. The data on PDSI are compiled from 

North Dakota State University’s (NDSU) climate station. PDSI values range from -10 to +10 and 

denotes relative wetness and dryness. We collect PDSI values for the planting month of March. 

For ND, we first identify the most active planting dates based on the NASS report and 

then select prices for corn, soybeans, and wheat during these times. We next add the future prices 

into our regression model. We collect county-level corn planted acres data from the USDA (from 

1990 to 2006) and also from the Farm Service Agency Report (from 2007 to 2015). Also, we 

obtain the national-level data on corn stocks for December and the state-level annual data on spot 

prices for corn, wheat, and soybean from the NASS quick stats. We compiled ethanol price data 

from the Nebraska Energy Office (from 1990 to 2015). Finally, all price variables for corn, 

soybean, wheat future price, hay spot price, and ethanol price are converted to 2015 dollars using 

the U.S. Gross Domestic Product (GDP) implicit price deflator. In other words, we adjust all 

price variables for inflation with the base year of 2015.  

The Renewable Fuels Association is the primary data source for renewable fuel volume 

(in millions of gallons), which we obtained from their database. Data is included in our analysis 

on ND weather variables such as maximum air temperature, minimum air temperature, and total 

precipitation, and these climate variables come from the NDSU official website 

(www.ndsu.edu/climate). A representative weather station located within ND county boundaries 

provides the basis for the county weather variables. Trends in these measured temperatures and 
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precipitations over an extended time frame is a key component of our corn acreage response 

function as the variation of climatic variables across counties is quite significant over time. There 

are five ethanol plants in North Dakota producing millions of gallons of ethanol each year. So, an 

“ethanol plant dummy” variable is also added into the model to capture the effect of those plants 

in farmers’ corn planting decisions. 

3.5. Empirical Framework 

The predictions are tested by estimating relationships in the data in regression equation. 

Here, multiple linear regression framework is used to estimate our parameters. Our hypothesis 

“Demand for ethanol posed by market significantly effect local crop selection decision of U.S. 

farmers over a certain period of time” is typically examined using corn acreage supply function 

model. Given the abovementioned theoretical model (1) & (2), and assuming we have N counties 

observed over T periods, the crop acreage response function can be expressed as  

Acit = αc0 + ∑ βi,j
RFS RFSj,i,t

J
j=1 + ∑ βi,j

Y  Yj,i,t
J
j=1 + ∑ βi,f

P  Pf,t
f
f=1 + ∑ βm

L  Li,m
m
m=1 + ui,t   (13) 

 𝑖 = 1,…𝑁;  

where 𝐴𝑐𝑖𝑡  denotes corn planted area in county i in time period t; 𝛼𝑐0 is the intercept for crop c, 

𝛽’s are the parameters to be estimated.   𝑅𝐹𝑆𝑗,𝑖,𝑡 accounts for renewable fuel mandate at county i 

in year t; 𝑌𝑗,𝑖,𝑡 is the yield of crop j in county i in year t; 𝑌𝑗,𝑖,𝑡 denotes yield of crop j in county i in 

year t; 𝑃𝑓,𝑡 refers to expected price of good f (which could either be another crop or a factor of 

production) in year ; 𝐿𝑖,𝑚 is the value of time-invariant factor m (which could be latitude, and 

longitude) in county i;  𝛽𝑖,𝑗
𝑅𝐹𝑆 is the effect of rfs  ;  𝛽𝑖,𝑗

𝑌  is the effect of expected yield of crop 

j;  𝛽𝑖,𝑙
𝑃

 is the effect of the price of good f on county i; 𝛽𝑚
𝐿  is the impact of time-invariant factor m 

and  𝑢𝑖,𝑡 is an error term for corn in county i in year t, having a mean of zero, and a variance 𝜎𝑖
2. 
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3.5.1. Estimation Methods 

All explanatory variables, including prices of farmer crops, their competitors, and the 

ethanol price, are specified as logarithms in our econometric model.  Thus, the estimated 

coefficients are defined as short-run elasticities, and we use multiple linear regression models to 

estimate these parameters. A “Least Squares” method predicted the model parameters and the 

interaction effect of county dummies on repressors are also added into our regression model.  

3.5.2. Tests for Multicollinearity 

We test for collinearity among corn yield, corn expected revenue, and corn spot price 

variables. According to the rank correlation test, there is collinearity among corn yield and corn 

expected revenue (r = 0.82). Thus, we drop the corn yield variable and re-run the multiple 

regression models, which improves the model by generating more efficient parameters.  

3.5.3. Tests for Heteroscedasticity 

We run white test to check for potential heteroscedasticity. We account for 

heteroscedasticity by using county interaction effect of majority variables. The inclusion of 

county interaction variables improves the model by estimating heteroscedasticity consistent 

parameters. 

3.6. Results and Discussion 

This paper presents an empirical analysis of producers’ corn planting decision behavior 

due to econometric conditions, biophysical factors, energy, and biofuel policy variables at the 

county-level in ND from 1990 to 2015. We compiled a database built on a USDA-NASS source 

including variables of corn planted acre, corn stocks, and major crop (corn, wheat, soybean, and 

hay) prices. The climate variables (maximum and minimum air temperature, PDSI, and rainfall) 
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are obtained from the NDSU climate station. In addition, variables such as ethanol prices and 

renewable fuel mandate volumes are also included.  

 

Table 3.1. Explanation of model variables 
Variables Definition Units Source 

Corn_acre Total Corn 

planted acres by 

county 

 

Acres USDA, National Agricultural Statistics Service, 

Quick Stats (survey data); 

Farm service agency Report on corn planted acre 

(2009-2015) 

 

Corn_rev Corn expected 

revenue (Corn 

future price 

multiplied by 

corn yield) 

$ / BU USDA, National Agricultural Statistics Service, 

Quick Stats (survey data) 

Corn_stocks National level 

Total corn, 

grain – stocks 

(month of 

December) 

Bushel (BU) 

 

USDA, National Agricultural Statistics Service, 

Quick Stats (survey data) 

Corn_fp September 

future contract 

price for corn* 

$ / BU Chicago mercantile exchange futures data on 

“Quandl” 

Wheat_fp State level 

annual spot 

price for wheat 

$ / BU USDA, National Agricultural Statistics Service, 

Quick Stats (survey data) 

Hay_sp State level 

annual spot 

price for hay 

$ / BU USDA, National Agricultural Statistics Service, 

Quick Stats (survey data) 

Soybean_fp September 

future contract 

price for 

soybean* 

$ / BU Chicago mercantile exchange futures data on 

“Quandl” 

Eth_price Ethanol price  $ / gal Nebraska Energy Office, 

http://www.neo.ne.gov/statshtml/66.html 

Eth_vol Annual U.S. 

Fuel Ethanol 

Production 

(volume) 

millions of 

gallons 

http://www.ethanolrfa.org/resources/industry/statisti

cs 

Renfuel_vol Renewable fuel 

mandate 

volume 

millions of 

gallons 

Renewable fuels association;  

http://www.ethanolrfa.org/policy/ 

regulations/renewable-fuel-standard/ 

Logtrans_pdsi Palmer drought 

severity index 

 https://www.ndsu.edu/climate 

Max_temp Maximum  air 

temperature in 

the month of 

June & July 

in degree 

Fahrenheit 

https://www.ndsu.edu/climate 

 

 

 

 

http://www.ethanolrfa.org/policy/
https://www.ndsu.edu/climate
https://www.ndsu.edu/climate
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Table 3.1. Explanation of model variables (continued) 
 
Variables Definition Units Source 
t_rainfall total 

precipitation 

(month of 

April, May, 

June and July) 

in inch https://www.ndsu.edu/climate 

 

Min_temp Minimum air 

temperature in 

the month of 

May 

in degree 

Fahrenheit 

https://www.ndsu.edu/climate 

 

Corn_yield County level 

corn, grain - 

yield 

BU / ACRE 

 

USDA, National Agricultural Statistics Service, 

Quick Stats (survey data) 

County Dummy County dummy 

variables  

  

Eth_plant_d Dummy 

variables for 

ethanol plants 

 County with ethanol plants = 1; otherwise = 0 

 

We also add biophysical environment variables like monthly temperature (maximum and 

minimum), total precipitation, and PDSI data from NDSU climate station. Further, our analysis 

includes dummy variables for ND counties and ethanol plants. All our model variables are listed 

and explained in table 3.1. 

Our regression results include both significant and insignificant variables. Even though 

the sign of the estimated coefficients for some of these variables matches our expectation, 

parameters were not significant (ρ > 0.10) (Table 3.2). Thus, we exclude further discussion of 

these insignificant variables from our analysis. Our multiple linear regression model variables 

are explained and reported in Table 3.2. Parameters are estimated using the least-square method. 

The statistical significance of regression coefficients is tested using the t-statistic table 

probability. The reported test statistics are R-squared = 0.96, Adj R-sq = 0.93, F-statistics= 

36.80, Probability > F = <0.0001, and number of observation = 1,378 (Table 3.3). The 

coefficients presented in Table 3.2 are LS estimators, which indicate the greatest probability of 

giving the observed value. The model includes an F-test to test the significance of coefficients (in 

https://www.ndsu.edu/climate
https://www.ndsu.edu/climate
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the case of LS estimators). All model variables lag by one year except for the future price 

variables. Finally, we take the natural logarithm of all model variables. From a purely statistical 

viewpoint, the estimated regression line fits the data well. The R2 value of 0.96 means that 96% 

of the variation in the corn planted acreage (the scaled proportion) is explained by the logs of all 

the explanatory variables.   

Table 3.2. Descriptive statistics  

Source Sum of Squares DF Mean 

Square 

F Value Pr > F 

Model 39957 533 74.966 36.80 <.0001 

Error 1719.481 844 2.037   

Corrected Total 41676 1377    

Number of 

observation = 1,378 

R-squared = 0.958 

 

Adj R-squared = 

0.932 

 

Root MSE = 

1.427 

 

Coeff var 

= 38.783 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 



74 
 

Table 3.3. Multiple linear regression model 

Dependent var: 

corn_acre_sp 

     Heteroscedasticity 

Consistent 

Variable  DF Parameter 

Estimate 

Standard  

Error 

t 

Value 

Pr > 

|t| 

Standar

d  

Error 

t 

Value 

Pr > 

|t| 

Intercept 1 -21.129 16.570 -1.280 0.203 11.347 -1.860 0.063 

eth_plant_d 1 -0.023 1.136 -0.020 0.984 0.610 -0.040 0.970 

t_rainfall 1 0.278 0.182 1.530 0.127 0.132 2.100 0.036 

soybean_fp 1 1.066 0.658 1.620 0.106 0.448 2.380 0.018 

logtrans_pdsi 1 -0.143 0.797 -0.180 0.858 0.243 -0.590 0.556 

Barnes_D_logtrans_pdsi 1 0.683 1.385 0.490 0.622 1.354 0.500 0.614 

Benson_D_logtrans_pdsi 1 0.576 1.292 0.450 0.656 0.572 1.010 0.314 

Billings_D_logtrans_pdsi 1 -0.041 1.330 -0.030 0.975 0.270 -0.150 0.879 

Bottineau_D_logtrans_pds

i 

1 1.056 1.383 0.760 0.446 0.339 3.110 0.002 

Bowman_D_logtrans_pdsi 1 -0.128 1.249 -0.100 0.919 0.320 -0.400 0.690 

Burke_D_logtrans_pdsi 1 -0.017 1.232 -0.010 0.989 0.262 -0.060 0.949 

Burleigh_D_logtrans_pdsi 1 0.078 1.376 0.060 0.955 0.406 0.190 0.848 

Cass_D_logtrans_pdsi 1 -0.281 1.356 -0.210 0.836 1.978 -0.140 0.887 

Cavalier_D_logtrans_pdsi 1 0.329 1.555 0.210 0.833 0.353 0.930 0.353 

Dickey_D_logtrans_pdsi 1 -3.179 1.407 -2.260 0.024 2.271 -1.400 0.162 

Divide_D_logtrans_pdsi 1 0.298 1.377 0.220 0.829 0.276 1.080 0.281 

Dunn_D_logtrans_pdsi 1 -0.013 1.277 -0.010 0.992 0.294 -0.050 0.963 

Eddy_D_logtrans_pdsi 1 0.918 1.321 0.690 0.488 0.607 1.510 0.131 

Emmons_D_logtrans_pdsi 1 -0.057 1.285 -0.040 0.965 0.956 -0.060 0.953 

Foster_D_logtrans_pdsi 1 1.205 1.329 0.910 0.365 1.148 1.050 0.295 

Goldenvalley_D_logtrans_

pdsi 

1 0.087 1.360 0.060 0.949 0.283 0.310 0.759 

GrandForks_D_logtrans_p

dsi 

1 1.269 1.355 0.940 0.349 0.778 1.630 0.103 

Grant_D_logtrans_pdsi 1 0.024 1.201 0.020 0.984 0.421 0.060 0.955 

Griggs_D_logtrans_pdsi 1 0.411 1.302 0.320 0.752 0.663 0.620 0.536 

Hettinger_D_logtrans_pdsi 1 0.094 1.259 0.070 0.941 0.479 0.200 0.845 

Kidder_D_logtrans_pdsi 1 -0.036 1.402 -0.030 0.979 0.407 -0.090 0.929 

LaMoure_D_logtrans_pdsi 1 -2.730 1.384 -1.970 0.049 2.138 -1.280 0.202 

Logan_D_logtrans_pdsi 1 -0.939 1.457 -0.640 0.520 0.861 -1.090 0.276 

McHenry_D_logtrans_pds

i 

1 0.549 1.260 0.440 0.663 0.404 1.360 0.175 

McIntosh_D_logtrans_pds

i 

1 -0.773 1.426 -0.540 0.588 0.706 -1.090 0.274 

McKenzie_D_logtrans_pd

si 

1 0.123 1.307 0.090 0.925 0.254 0.480 0.630 

McLean_D_logtrans_pdsi 1 0.403 1.323 0.300 0.761 0.342 1.180 0.239 
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Table 3.3. Multiple linear regression model (continued) 

Variable  DF Parameter 

Estimate 

Standard  

Error 

t 

Value 

Pr > 

|t| 

Standar

d  

Error 

t 

Value 

Pr > 

|t| 

Mercer_D_logtrans_pdsi 1 0.930         1.584 0.590 0.557     0.586 1.590 0.113 

Morton_D_logtrans_pdsi 1 0.235         1.330 0.180 0.860     0.437 0.540 0.591 

Mountrail_D_logtrans_pds

i 

1 0.103         1.434 0.070 0.943      0.264 0.390 0.697 

Nelson_D_logtrans_pdsi 1 -0.251 1.385 -0.180 0.856 0.550 -0.460 0.649 

Oliver_D_logtrans_pdsi 1 0.284 1.222 0.230 0.816 0.391 0.730 0.467 

Pembina_D_logtrans_pdsi 1 0.351 1.394 0.250 0.801 0.439 0.800 0.424 

Pierce_D_logtrans_pdsi 1 0.723 1.447 0.500 0.618 0.592 1.220 0.223 

Ramsey_D_logtrans_pdsi 1 0.182 1.314 0.140 0.890 1.217 0.150 0.881 

Ransom_D_logtrans_pdsi 1 0.232 1.269 0.180 0.855 1.168 0.200 0.842 

Renville_D_logtrans_pdsi 1 0.367 1.215 0.300 0.763 0.302 1.220 0.225 

Richland_D_logtrans_pdsi 1 -1.287 1.277 -1.010 0.314 1.352 -0.950 0.342 

Rolette_D_logtrans_pdsi 1 -0.138 1.238 -0.110 0.911 0.323 -0.430 0.669 

Sargent_D_logtrans_pdsi 1 -0.881 1.292 -0.680 0.495 1.599 -0.550 0.582 

Sheridan_D_logtrans_pdsi 1 -0.062 1.260 -0.050 0.961 0.520 -0.120 0.906 

Sioux_D_logtrans_pdsi 1 -0.751 1.216 -0.620 0.537 0.464 -1.620 0.106 

Slope_D_logtrans_pdsi 1 0.053 1.294 0.040 0.968 0.289 0.180 0.855 

Stark_D_logtrans_pdsi 1 0.055 1.275 0.040 0.965 0.354 0.160 0.876 

Steele_D_logtrans_pdsi 1 1.386 1.288 1.080 0.282 1.896 0.730 0.465 

Stutsman_D_logtrans_pdsi 1 -1.201 1.509 -0.800 0.426 1.251 -0.960 0.337 

Towner_D_logtrans_pdsi 1 0.660 1.390 0.480 0.635 0.388 1.700 0.089 

Trail_D_logtrans_pdsi 1 5.036 1.358 3.710 0.000 2.669 1.890 0.060 

Walsh_D_logtrans_pdsi 1 0.571 1.476 0.390 0.699 0.508 1.120 0.261 

Ward_D_logtrans_pdsi 1 0.078 1.243 0.060 0.950 0.273 0.290 0.774 

Wells_D_logtrans_pdsi 1 0.322 1.265 0.250 0.799 0.686 0.470 0.639 

Williams_D_logtrans_pdsi 1 0.167 1.313 0.130 0.899 0.250 0.670 0.504 

corn_rev_n 1 0.161 0.184 0.870 0.384 0.063 2.540 0.011 

Barnes_D_corn_rev_n 1 3.591 1.828 1.960 0.050 2.007 1.790 0.074 

Benson_D_corn_rev_n 1 0.827 1.375 0.600 0.548 0.655 1.260 0.207 

Billings_D_corn_rev_n 1 -0.218 0.281 -0.770 0.439 0.072 -3.040 0.003 

Bottineau_D_corn_rev_n 1 -0.898 1.526 -0.590 0.557 0.365 -2.460 0.014 

Bowman_D_corn_rev_n 1 -0.092 0.337 -0.270 0.785 0.081 -1.140 0.256 

Burke_D_corn_rev_n 1 -0.192 0.252 -0.760 0.446 0.068 -2.850 0.005 

Burleigh_D_corn_rev_n 1 -1.559 1.822 -0.860 0.392 0.431 -3.620 0.000 

Cass_D_corn_rev_n 1 7.896 1.752 4.510 <.000

1 

2.693 2.930 0.004 

Cavalier_D_corn_rev_n 1 -0.168 0.435 -0.390 0.700 0.086 -1.940 0.052 

Dickey_D_corn_rev_n 1 4.588 2.563 1.790 0.074 4.340 1.060 0.291 
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Table 3.3. Multiple linear regression model (continued) 

Variable  DF Parameter 

Estimate 

Standard  

Error 

t 

Value 

Pr > 

|t| 

Standar

d  

Error 

t 

Value 

Pr > 

|t| 

Divide_D_corn_rev_n 1 -0.153      0.249 -0.610 0.540      0.069 -2.230 0.026 

Dunn_D_corn_rev_n 1 -0.308      1.110 -0.280 0.781      0.167 -1.850 0.065 

Eddy_D_corn_rev_n 1 -0.594      1.170 -0.510 0.612      0.495 -1.200 0.231 

Emmons_D_corn_rev_n 1 -2.242      1.131 -1.980 0.048      0.796 -2.820 0.005 

Foster_D_corn_rev_n 1 -2.015      1.480 -1.360 0.174      1.867 -1.080 0.281 

Goldenvalley_D_corn_rev

_n 

1 -0.153  0.279 -0.550 0.585 0.073 -2.080 0.037 

GrandForks_D_corn_rev_

n 

1 2.748 2.112 1.300 0.194 1.794 1.530 0.126 

Grant_D_corn_rev_n 1 0.473 1.714 0.280 0.783 0.834 0.570 0.571 

Griggs_D_corn_rev_n 1 -0.219 1.844 -0.120 0.905 0.962 -0.230 0.820 

Hettinger_D_corn_rev_n 1 0.050 0.340 0.150 0.883 0.117 0.430 0.668 

Kidder_D_corn_rev_n 1 -0.655 1.614 -0.410 0.685 0.408 -1.600 0.109 

LaMoure_D_corn_rev_n 1 6.120 2.409 2.540 0.011 3.990 1.530 0.126 

Logan_D_corn_rev_n 1 -1.467 1.840 -0.800 0.426 1.161 -1.260 0.207 

McHenry_D_corn_rev_n 1 -0.362 1.490 -0.240 0.808 0.410 -0.880 0.378 

McIntosh_D_corn_rev_n 1 -3.540 2.125 -1.670 0.096 1.210 -2.930 0.004 

McKenzie_D_corn_rev_n 1 -0.159 0.339 -0.470 0.640 0.062 -2.550 0.011 

McLean_D_corn_rev_n 1 -0.453 1.899 -0.240 0.811 0.556 -0.820 0.415 

Mercer_D_corn_rev_n 1 -0.347 1.938 -0.180 0.858 0.656 -0.530 0.597 

Morton_D_corn_rev_n 1 0.036 1.909 0.020 0.985 0.789 0.050 0.964 

Mountrail_D_corn_rev_n 1 -0.183 0.308 -0.590 0.553 0.071 -2.580 0.010 

Nelson_D_corn_rev_n 1 1.594 2.159 0.740 0.461 1.011 1.580 0.115 

Oliver_D_corn_rev_n 1 0.291 1.255 0.230 0.817 0.464 0.630 0.531 

Pembina_D_corn_rev_n 1 -0.559 1.600 -0.350 0.727 0.588 -0.950 0.342 

Pierce_D_corn_rev_n 1 -0.030 1.738 -0.020 0.986 0.711 -0.040 0.966 

Ramsey_D_corn_rev_n 1 1.501 1.322 1.140 0.256 1.513 0.990 0.321 

Ransom_D_corn_rev_n 1 1.041 1.852 0.560 0.574 1.353 0.770 0.442 

Renville_D_corn_rev_n 1 -0.162 0.269 -0.600 0.548 0.075 -2.150 0.032 

Richland_D_corn_rev_n 1 5.188 1.786 2.900 0.004 2.172 2.390 0.017 

Rolette_D_corn_rev_n 1 -0.135 0.310 -0.440 0.663 0.078 -1.730 0.085 

Sargent_D_corn_rev_n 1 3.951 1.872 2.110 0.035 1.788 2.210 0.027 

Sheridan_D_corn_rev_n 1 0.464 1.443 0.320 0.748 0.564 0.820 0.411 

Sioux_D_corn_rev_n 1 -0.306 0.294 -1.040 0.298 0.090 -3.380 0.001 

Slope_D_corn_rev_n 1 -0.118 0.333 -0.360 0.723 0.077 -1.540 0.123 

Stark_D_corn_rev_n 1 -0.020 0.340 -0.060 0.953 0.090 -0.220 0.824 

Steele_D_corn_rev_n 1 4.918 1.648 2.990 0.003 2.686 1.830 0.067 

Stutsman_D_corn_rev_n 1 3.107 2.082 1.490 0.136 2.096 1.480 0.139 
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Table 3.3. Multiple linear regression model (continued) 

Variable  DF Parameter 

Estimate 

Standard  

Error 

t 

Value 

Pr > 

|t| 

Standar

d  

Error 

t 

Value 

Pr > 

|t| 

Towner_D_corn_rev_n 1 -0.283         0.425 -0.670 0.506      0.097 -2.920 0.004 

Trail_D_corn_rev_n 1 13.233        1.723 7.680 <.000

1 

     3.589 3.690 0.000 

Walsh_D_corn_rev_n 1 0.444        1.943 0.230 0.820      0.998 0.440 0.657 

Ward_D_corn_rev_n 1 -0.178        0.343 -0.520 0.604      0.076 -2.340 0.020 

Wells_D_corn_rev_n 1 1.055        1.405 0.750 0.453      1.036 1.020 0.309 

Williams_D_corn_rev_n 1 -0.161        0.268 -0.600 0.548      0.065 -2.490 0.013 

corn_stocks 1 0.289        1.275 0.230 0.821      0.572 0.510 0.613 

Barnes_D_corn_stocks 1 0.295 2.710 0.110 0.913 2.631 0.110 0.911 

Benson_D_corn_stocks 1 0.280 2.531 0.110 0.912 1.415 0.200 0.843 

Billings_D_corn_stocks 1 0.274 1.892 0.140 0.885 0.437 0.630 0.532 

Bottineau_D_corn_stocks 1 -0.653 1.885 -0.350 0.729 0.560 -1.170 0.244 

Bowman_D_corn_stocks 1 0.201 1.762 0.110 0.909 0.426 0.470 0.638 

Burke_D_corn_stocks 1 0.396 1.740 0.230 0.820 0.395 1.000 0.316 

Burleigh_D_corn_stocks 1 -0.750 2.105 -0.360 0.722 0.638 -1.180 0.240 

Cass_D_corn_stocks 1 0.356 2.300 0.150 0.877 3.178 0.110 0.911 

Cavalier_D_corn_stocks 1 0.305 1.786 0.170 0.865 0.451 0.680 0.499 

Dickey_D_corn_stocks 1 -2.268 2.016 -1.120 0.261 2.435 -0.930 0.352 

Divide_D_corn_stocks 1 0.557 1.735 0.320 0.748 0.404 1.380 0.168 

Dunn_D_corn_stocks 1 0.533 2.053 0.260 0.795 0.455 1.170 0.242 

Eddy_D_corn_stocks 1 -1.036 2.417 -0.430 0.669 1.015 -1.020 0.308 

Emmons_D_corn_stocks 1 -1.402 1.710 -0.820 0.413 1.096 -1.280 0.201 

Foster_D_corn_stocks 1 -4.088 2.904 -1.410 0.160 3.070 -1.330 0.183 

Goldenvalley_D_corn_sto

cks 

1 0.089 1.967 0.050 0.964 0.426 0.210 0.835 

GrandForks_D_corn_stock

s 

1 0.365 2.187 0.170 0.867 1.239 0.290 0.768 

Grant_D_corn_stocks 1 -1.055 1.764 -0.600 0.550 0.603 -1.750 0.081 

Griggs_D_corn_stocks 1 -1.737 2.563 -0.680 0.498 1.176 -1.480 0.140 

Hettinger_D_corn_stocks 1 -0.095 1.837 -0.050 0.959 0.586 -0.160 0.871 

Kidder_D_corn_stocks 1 -0.690 2.461 -0.280 0.779 0.617 -1.120 0.264 

LaMoure_D_corn_stocks 1 -1.315 2.306 -0.570 0.569 2.570 -0.510 0.609 

Logan_D_corn_stocks 1 -2.004 2.011 -1.000 0.319 1.288 -1.560 0.120 

McHenry_D_corn_stocks 1 0.419 2.405 0.170 0.862 0.718 0.580 0.559 

McIntosh_D_corn_stocks 1 -3.391 1.943 -1.740 0.081 0.966 -3.510 0.001 

McKenzie_D_corn_stocks 1 0.426 2.029 0.210 0.834 0.381 1.120 0.264 

McLean_D_corn_stocks 1 -0.340 2.714 -0.130 0.900 0.796 -0.430 0.669 

Mercer_D_corn_stocks 1 0.601 2.044 0.290 0.769 0.784 0.770 0.444 

Morton_D_corn_stocks 1 0.151 1.920 0.080 0.937 0.683 0.220 0.825 
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Table 3.3. Multiple linear regression model (continued) 

Variable  DF Parameter 

Estimate 

Standard  

Error 

t 

Value 

Pr > 

|t| 

Standar

d  

Error 

t 

Value 

Pr > 

|t| 

Mountrail_D_corn_stocks 1 0.377         1.901 0.200 0.843 0.400 0.940 0.346 

Nelson_D_corn_stocks 1 0.592         2.719 0.220 0.828 1.025 0.580 0.564 

Oliver_D_corn_stocks 1 1.167         2.051 0.570 0.570 0.712 1.640 0.102 

Pembina_D_corn_stocks 1 0.389         2.464 0.160 0.875 1.056 0.370 0.713 

Pierce_D_corn_stocks 1 0.106         2.579 0.040 0.967 0.961 0.110 0.913 

Ramsey_D_corn_stocks 1 -0.253         2.470 -0.100 0.919 1.769 -0.140 0.887 

Ransom_D_corn_stocks 1 -0.929         2.235 -0.420 0.678 2.126 -0.440 0.662 

Renville_D_corn_stocks 1 0.251         1.907 0.130 0.895 0.456 0.550 0.582 

Richland_D_corn_stocks 1 -2.076         2.284 -0.910 0.364 2.432 -0.850 0.394 

Rolette_D_corn_stocks 1 0.360 1.750 0.210 0.837 0.500 0.720 0.471 

Sargent_D_corn_stocks 1 0.266 2.313 0.120 0.908 2.734 0.100 0.922 

Sheridan_D_corn_stocks 1 -0.681 1.762 -0.390 0.699 0.599 -1.140 0.256 

Sioux_D_corn_stocks 1 0.083 1.857 0.040 0.964 0.711 0.120 0.907 

Slope_D_corn_stocks 1 0.175 1.813 0.100 0.923 0.427 0.410 0.682 

Stark_D_corn_stocks 1 0.427 1.897 0.230 0.822 0.507 0.840 0.400 

Steele_D_corn_stocks 1 -0.515 2.456 -0.210 0.834 3.328 -0.150 0.877 

Stutsman_D_corn_stocks 1 -1.643 2.449 -0.670 0.503 1.737 -0.950 0.344 

Towner_D_corn_stocks 1 -0.474 1.892 -0.250 0.802 0.636 -0.750 0.456 

Trail_D_corn_stocks 1 5.148 2.284 2.250 0.025 4.516 1.140 0.255 

Walsh_D_corn_stocks 1 -0.527 2.547 -0.210 0.836 0.911 -0.580 0.563 

Ward_D_corn_stocks 1 0.255 2.092 0.120 0.903 0.437 0.580 0.559 

Wells_D_corn_stocks 1 -1.123 2.259 -0.500 0.619 1.249 -0.900 0.369 

Williams_D_corn_stocks 1 0.409 2.273 0.180 0.857 0.398 1.030 0.304 

corn_fp 1 -1.499 3.542 -0.420 0.672 1.319 -1.140 0.256 

Barnes_D_corn_fp 1 -12.766 5.122 -2.490 0.013 5.683 -2.250 0.025 

Benson_D_corn_fp 1 -5.188 5.075 -1.020 0.307 2.329 -2.230 0.026 

Billings_D_corn_fp 1 0.361 5.611 0.060 0.949 1.370 0.260 0.792 

Bottineau_D_corn_fp 1 -3.033 5.275 -0.570 0.565 1.814 -1.670 0.095 

Bowman_D_corn_fp 1 0.464 5.403 0.090 0.932 1.471 0.320 0.753 

Burke_D_corn_fp 1 -0.316 5.204 -0.060 0.952 1.342 -0.240 0.814 

Burleigh_D_corn_fp 1 -0.193 5.325 -0.040 0.971 1.605 -0.120 0.904 

Cass_D_corn_fp 1 -13.620 5.111 -2.660 0.008 5.303 -2.570 0.010 

Cavalier_D_corn_fp 1 -1.285 5.627 -0.230 0.820 1.593 -0.810 0.420 

Dickey_D_corn_fp 1 -8.395 5.383 -1.560 0.119 7.582 -1.110 0.269 

Divide_D_corn_fp 1 -0.505 5.250 -0.100 0.923 1.355 -0.370 0.709 

Dunn_D_corn_fp 1 0.175 5.694 0.030 0.976 1.447 0.120 0.904 

Eddy_D_corn_fp 1 -2.920 5.021 -0.580 0.561 2.609 -1.120 0.263 
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Table 3.3. Multiple linear regression model (continued) 

Variable  DF Parameter 

Estimate 

Standard  

Error 

t 

Value 

Pr > 

|t| 

Standar

d  

Error 

t 

Value 

Pr > 

|t| 

Emmons_D_corn_fp 1 0.925 5.424 0.170 0.865 4.179 0.220 0.825 

Foster_D_corn_fp 1 -7.902 5.041 -1.570 0.117 3.109 -2.540 0.011 

Goldenvalley_D_corn_fp 1 -0.702 5.511 -0.130 0.899 1.469 -0.480 0.633 

GrandForks_D_corn_fp 1 -5.429 5.224 -1.040 0.299 2.759 -1.970 0.049 

Grant_D_corn_fp 1 -0.365 5.732 -0.060 0.949 1.938 -0.190 0.851 

Griggs_D_corn_fp 1 -6.689 5.070 -1.320 0.187 3.027 -2.210 0.027 

Hettinger_D_corn_fp 1 -1.019 5.473 -0.190 0.852 2.247 -0.450 0.650 

Kidder_D_corn_fp 1 -0.753 5.137 -0.150 0.884 1.540 -0.490 0.625 

LaMoure_D_corn_fp 1 -11.488 5.179 -2.220 0.027 7.310 -1.570 0.116 

Logan_D_corn_fp 1 1.620 5.269 0.310 0.759 2.601 0.620 0.534 

McHenry_D_corn_fp 1 -2.623 5.165 -0.510 0.612 1.773 -1.480 0.139 

McIntosh_D_corn_fp 1 0.161 5.161 0.030 0.975 2.614 0.060 0.951 

McKenzie_D_corn_fp 1 0.090 5.365 0.020 0.987 1.303 0.070 0.945 

McLean_D_corn_fp 1 -1.291 5.235 -0.250 0.805 1.716 -0.750 0.452 

Mercer_D_corn_fp 1 -3.191 5.267 -0.610 0.545 1.907 -1.670 0.095 

Morton_D_corn_fp 1 -0.617 5.429 -0.110 0.910 1.614 -0.380 0.702 

Mountrail_D_corn_fp 1 -0.154 5.723 -0.030 0.979 1.334 -0.120 0.908 

Nelson_D_corn_fp 1 -5.375 5.070 -1.060 0.289 2.358 -2.280 0.023 

Oliver_D_corn_fp 1 -2.771 5.574 -0.500 0.619 2.102 -1.320 0.188 

Pembina_D_corn_fp 1 4.324 5.148 0.840 0.401 2.245 1.930 0.054 

Pierce_D_corn_fp 1 -2.868 5.089 -0.560 0.573 1.834 -1.560 0.118 

Ramsey_D_corn_fp 1 -11.549 5.156 -2.240 0.025 3.104 -3.720 0.000 

Ransom_D_corn_fp 1 -8.894 5.318 -1.670 0.095 3.508 -2.540 0.011 

Renville_D_corn_fp 1 -1.495 5.465 -0.270 0.785 1.599 -0.930 0.350 

Richland_D_corn_fp 1 -11.314 5.200 -2.180 0.030 4.302 -2.630 0.009 

Rolette_D_corn_fp 1 -1.133 5.562 -0.200 0.839 1.556 -0.730 0.467 

Sargent_D_corn_fp 1 -11.098 5.394 -2.060 0.040 5.951 -1.860 0.063 

Sheridan_D_corn_fp 1 -2.469 5.284 -0.470 0.640 2.620 -0.940 0.346 

Sioux_D_corn_fp 1 -0.559 5.415 -0.100 0.918 2.415 -0.230 0.817 

Slope_D_corn_fp 1 -0.156 5.494 -0.030 0.977 1.396 -0.110 0.911 

Stark_D_corn_fp 1 -0.909 5.543 -0.160 0.870 1.610 -0.560 0.573 

Steele_D_corn_fp 1 -20.686 5.207 -3.970 <.000

1 

7.223 -2.860 0.004 

Stutsman_D_corn_fp 1 -10.707 5.121 -2.090 0.037 3.877 -2.760 0.006 

Towner_D_corn_fp 1 -2.624 5.572 -0.470 0.638 1.901 -1.380 0.168 

Trail_D_corn_fp 1 -31.374 5.181 -6.060 <.000

1 

7.701 -4.070 <.000

1 

Walsh_D_corn_fp 1 -1.994 5.149 -0.390 0.699 1.925 -1.040 0.300 
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Table 3.3. Multiple linear regression model (continued) 

Variable  DF Parameter 

Estimate 

Standard  

Error 

t 

Value 

Pr > 

|t| 

Standar

d  

Error 

t 

Value 

Pr > 

|t| 

Ward_D_corn_fp 1 -0.701 5.192 -0.130 0.893 1.417 -0.490 0.621 

Wells_D_corn_fp 1 -7.721 5.048 -1.530 0.127 2.974 -2.600 0.010 

Williams_D_corn_fp 1 0.075 5.185 0.010 0.989 1.299 0.060 0.954 

wheat_fp 1 -0.746 3.182 -0.230 0.815 0.998 -0.750 0.455 

Barnes_D_wheat_fp 1 8.048 4.760 1.690 0.091 5.293 1.520 0.129 

Benson_D_wheat_fp 1 4.479 4.821 0.930 0.353 2.118 2.120 0.035 

Billings_D_wheat_fp 1 0.260 4.804 0.050 0.957 1.079 0.240 0.810 

Bottineau_D_wheat_fp 1 2.246 4.660 0.480 0.630 1.427 1.570 0.116 

Bowman_D_wheat_fp 1 -0.827 4.881 -0.170 0.866 1.153 -0.720 0.474 

Burke_D_wheat_fp 1 0.862 4.728 0.180 0.855 1.081 0.800 0.426 

Burleigh_D_wheat_fp 1 -0.516 5.145 -0.100 0.920 1.372 -0.380 0.707 

Cass_D_wheat_fp 1 9.840 4.792 2.050 0.040 5.824 1.690 0.092 

Cavalier_D_wheat_fp 1 1.486 5.091 0.290 0.770 1.260 1.180 0.239 

Dickey_D_wheat_fp 1 -2.805 4.923 -0.570 0.569 6.993 -0.400 0.689 

Divide_D_wheat_fp 1 1.121 4.744 0.240 0.813 1.084 1.030 0.301 

Dunn_D_wheat_fp 1 0.930 5.267 0.180 0.860 1.142 0.810 0.416 

Eddy_D_wheat_fp 1 1.972 4.847 0.410 0.684 2.471 0.800 0.425 

Emmons_D_wheat_fp 1 -2.600 5.093 -0.510 0.610 3.946 -0.660 0.510 

Foster_D_wheat_fp 1 2.674 4.866 0.550 0.583 3.282 0.810 0.416 

Goldenvalley_D_wheat_fp 1 0.682 4.656 0.150 0.884 1.155 0.590 0.555 

GrandForks_D_wheat_fp 1 4.072 4.809 0.850 0.397 3.199 1.270 0.204 

Grant_D_wheat_fp 1 -0.852 4.819 -0.180 0.860 1.646 -0.520 0.605 

Griggs_D_wheat_fp 1 3.437 4.836 0.710 0.477 2.947 1.170 0.244 

Hettinger_D_wheat_fp 1 -0.436 4.940 -0.090 0.930 1.847 -0.240 0.814 

Kidder_D_wheat_fp 1 0.051 4.940 0.010 0.992 1.462 0.030 0.972 

LaMoure_D_wheat_fp 1 0.302 4.759 0.060 0.949 6.881 0.040 0.965 

Logan_D_wheat_fp 1 -3.892 4.653 -0.840 0.403 2.611 -1.490 0.136 

McHenry_D_wheat_fp 1 2.863 4.810 0.600 0.552 1.573 1.820 0.069 

McIntosh_D_wheat_fp 1 -3.858 4.751 -0.810 0.417 2.409 -1.600 0.110 

McKenzie_D_wheat_fp 1 0.859 4.924 0.170 0.862 1.025 0.840 0.402 

McLean_D_wheat_fp 1 0.965 4.859 0.200 0.843 1.272 0.760 0.448 

Mercer_D_wheat_fp 1 3.274 5.015 0.650 0.514 1.583 2.070 0.039 

Morton_D_wheat_fp 1 0.984 4.902 0.200 0.841 1.492 0.660 0.510 

Mountrail_D_wheat_fp 1 0.872 5.053 0.170 0.863 1.076 0.810 0.418 

Nelson_D_wheat_fp 1 3.874 4.750 0.820 0.415 2.143 1.810 0.071 

Oliver_D_wheat_fp 1 3.274 5.239 0.620 0.532 1.801 1.820 0.069 

Pembina_D_wheat_fp 1 -2.035 4.594 -0.440 0.658 1.826 -1.110 0.265 
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Table 3.3. Multiple linear regression model (continued) 

Variable  DF Parameter 

Estimate 

Standard  

Error 

t 

Value 

Pr > 

|t| 

Standar

d  

Error 

t 

Value 

Pr > 

|t| 

Pierce_D_wheat_fp 1 1.851 4.955 0.370 0.709 1.711 1.080 0.280 

Ramsey_D_wheat_fp 1 9.273 4.962 1.870 0.062 2.688 3.450 0.001 

Ransom_D_wheat_fp 1 5.987 4.860 1.230 0.218 3.110 1.930 0.055 

Renville_D_wheat_fp 1 1.232 4.748 0.260 0.795 1.295 0.950 0.342 

Richland_D_wheat_fp 1 1.701 4.627 0.370 0.713 4.401 0.390 0.699 

Rolette_D_wheat_fp 1 0.945 4.865 0.190 0.846 1.256 0.750 0.452 

Sargent_D_wheat_fp 1 0.670 4.736 0.140 0.888 5.877 0.110 0.909 

Sheridan_D_wheat_fp 1 0.718 4.755 0.150 0.880 2.229 0.320 0.747 

Sioux_D_wheat_fp 1 -0.742 4.780 -0.160 0.877 1.962 -0.380 0.705 

Slope_D_wheat_fp 1 0.289 4.908 0.060 0.953 1.088 0.270 0.791 

Stark_D_wheat_fp 1 1.511 5.055 0.300 0.765 1.202 1.260 0.209 

Steele_D_wheat_fp 1 14.220 4.932 2.880 0.004 6.766 2.100 0.036 

Stutsman_D_wheat_fp 1 4.213 4.767 0.880 0.377 3.805 1.110 0.269 

Towner_D_wheat_fp 1 2.603 4.789 0.540 0.587 1.446 1.800 0.072 

Trail_D_wheat_fp 1 23.950 4.669 5.130 <.000

1 

7.735 3.100 0.002 

Walsh_D_wheat_fp 1 2.610 4.802 0.540 0.587 2.066 1.260 0.207 

Ward_D_wheat_fp 1 1.325 4.985 0.270 0.790 1.139 1.160 0.245 

Wells_D_wheat_fp 1 3.939 4.882 0.810 0.420 2.889 1.360 0.173 

Williams_D_wheat_fp 1 0.715 5.069 0.140 0.888 1.027 0.700 0.486 

hay_sp 1 1.163 1.478 0.790 0.432 0.609 1.910 0.057 

Barnes_D_hay_sp 1 4.874 3.137 1.550 0.121 3.343 1.460 0.145 

Benson_D_hay_sp 1 0.933 2.904 0.320 0.748 1.527 0.610 0.541 

Billings_D_hay_sp 1 -1.424 2.331 -0.610 0.541 0.627 -2.270 0.023 

Bottineau_D_hay_sp 1 0.983 2.201 0.450 0.655 0.953 1.030 0.302 

Bowman_D_hay_sp 1 -1.062 2.452 -0.430 0.665 0.646 -1.640 0.101 

Burke_D_hay_sp 1 -1.329 2.333 -0.570 0.569 0.625 -2.130 0.034 

Burleigh_D_hay_sp 1 -0.944 2.731 -0.350 0.730 0.995 -0.950 0.343 

Cass_D_hay_sp 1 9.263 2.925 3.170 0.002 3.668 2.530 0.012 

Cavalier_D_hay_sp 1 -0.876 2.252 -0.390 0.698 0.639 -1.370 0.171 

Dickey_D_hay_sp 1 -1.371 2.851 -0.480 0.631 3.906 -0.350 0.726 

Divide_D_hay_sp 1 -0.812 2.311 -0.350 0.725 0.638 -1.270 0.203 

Dunn_D_hay_sp 1 -0.698 2.649 -0.260 0.792 0.657 -1.060 0.289 

Eddy_D_hay_sp 1 1.442 2.482 0.580 0.561 1.399 1.030 0.303 

Emmons_D_hay_sp 1 3.387 2.628 1.290 0.198 2.211 1.530 0.126 

Foster_D_hay_sp 1 0.301 2.783 0.110 0.914 2.609 0.120 0.908 

Goldenvalley_D_hay_sp 1 -1.046 2.177 -0.480 0.631 0.639 -1.640 0.102 

GrandForks_D_hay_sp 1 3.556 2.779 1.280 0.201 2.061 1.730 0.085 
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Table 3.3. Multiple linear regression model (continued) 

Variable  DF Parameter 

Estimate 

Standard  

Error 

t 

Value 

Pr > 

|t| 

Standar

d  

Error 

t 

Value 

Pr > 

|t| 

Grant_D_hay_sp 1 1.579 2.201 0.720 0.474 0.933 1.690 0.091 

Griggs_D_hay_sp 1 0.068 2.869 0.020 0.981 1.660 0.040 0.967 

Hettinger_D_hay_sp 1 0.493 2.387 0.210 0.836 0.894 0.550 0.581 

Kidder_D_hay_sp 1 -0.465 3.230 -0.140 0.886 1.009 -0.460 0.645 

LaMoure_D_hay_sp 1 0.941 3.155 0.300 0.766 4.168 0.230 0.822 

Logan_D_hay_sp 1 -0.891 2.620 -0.340 0.734 1.606 -0.550 0.579 

McHenry_D_hay_sp 1 0.852 2.701 0.320 0.752 1.041 0.820 0.413 

McIntosh_D_hay_sp 1 -3.428 2.792 -1.230 0.220 1.577 -2.170 0.030 

McKenzie_D_hay_sp 1 -1.087 2.379 -0.460 0.648 0.604 -1.800 0.072 

McLean_D_hay_sp 1 -0.944 2.758 -0.340 0.732 0.960 -0.980 0.326 

Mercer_D_hay_sp 1 1.757 2.432 0.720 0.470 0.992 1.770 0.077 

Morton_D_hay_sp 1 1.115 2.412 0.460 0.644 1.044 1.070 0.286 

Mountrail_D_hay_sp 1 -1.184 2.235 -0.530 0.597 0.601 -1.970 0.049 

Nelson_D_hay_sp 1 1.010 3.198 0.320 0.752 1.285 0.790 0.432 

Oliver_D_hay_sp 1 1.457 2.792 0.520 0.602 1.144 1.270 0.203 

Pembina_D_hay_sp 1 -4.434 2.743 -1.620 0.106 1.215 -3.650 0.000 

Pierce_D_hay_sp 1 1.285 2.785 0.460 0.645 1.365 0.940 0.347 

Ramsey_D_hay_sp 1 -0.425 2.942 -0.140 0.885 2.015 -0.210 0.833 

Ransom_D_hay_sp 1 2.738 2.580 1.060 0.289 2.635 1.040 0.299 

Renville_D_hay_sp 1 -0.214 2.295 -0.090 0.926 0.745 -0.290 0.774 

Richland_D_hay_sp 1 -3.732 2.539 -1.470 0.142 3.037 -1.230 0.219 

Rolette_D_hay_sp 1 -0.938 2.203 -0.430 0.670 0.700 -1.340 0.180 

Sargent_D_hay_sp 1 1.330 2.697 0.490 0.622 3.850 0.350 0.730 

Sheridan_D_hay_sp 1 0.844 2.670 0.320 0.752 1.078 0.780 0.434 

Sioux_D_hay_sp 1 -1.292 2.159 -0.600 0.550 0.981 -1.320 0.188 

Slope_D_hay_sp 1 -0.630 2.468 -0.260 0.799 0.636 -0.990 0.322 

Stark_D_hay_sp 1 -0.212 2.513 -0.080 0.933 0.729 -0.290 0.771 

Steele_D_hay_sp 1 5.587 3.085 1.810 0.071 4.119 1.360 0.175 

Stutsman_D_hay_sp 1 2.244 3.057 0.730 0.463 2.233 1.000 0.315 

Towner_D_hay_sp 1 -1.104 2.215 -0.500 0.618 0.822 -1.340 0.180 

Trail_D_hay_sp 1 11.084 2.860 3.880 0.000 5.065 2.190 0.029 

Walsh_D_hay_sp 1 0.631 2.766 0.230 0.820 1.262 0.500 0.617 

Ward_D_hay_sp 1 -0.793 2.432 -0.330 0.744 0.658 -1.200 0.229 

Wells_D_hay_sp 1 2.344 2.679 0.870 0.382 1.828 1.280 0.200 

Williams_D_hay_sp 1 -0.966 2.460 -0.390 0.695 0.610 -1.580 0.114 

eth_price 1 0.528 1.834 0.290 0.774 0.594 0.890 0.375 

Barnes_D_eth_price 1 5.425 2.785 1.950 0.052 2.902 1.870 0.062 
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Table 3.3. Multiple linear regression model (continued) 

Variable  DF Parameter 

Estimate 

Standard  

Error 

t 

Value 

Pr > 

|t| 

Standar

d  

Error 

t 

Value 

Pr > 

|t| 

Benson_D_eth_price 1 2.186 2.722 0.800 0.422 1.199 1.820 0.069 

Billings_D_eth_price 1 -0.375 2.643 -0.140 0.887 0.623 -0.600 0.548 

Bottineau_D_eth_price 1 -0.428 2.576 -0.170 0.868 0.710 -0.600 0.547 

Bowman_D_eth_price 1 -0.802 2.653 -0.300 0.763 0.690 -1.160 0.245 

Burke_D_eth_price 1 0.403 2.732 0.150 0.883 0.637 0.630 0.527 

Burleigh_D_eth_price 1 0.814 2.762 0.290 0.768 0.754 1.080 0.280 

Cass_D_eth_price 1 2.530 2.744 0.920 0.357 2.293 1.100 0.270 

Cavalier_D_eth_price 1 0.138 2.593 0.050 0.958 0.668 0.210 0.836 

Dickey_D_eth_price 1 7.954 2.621 3.030 0.003 2.293 3.470 0.001 

Divide_D_eth_price 1 0.063 2.746 0.020 0.982 0.636 0.100 0.921 

Dunn_D_eth_price 1 -0.405 2.786 -0.150 0.884 0.645 -0.630 0.530 

Eddy_D_eth_price 1 2.717 2.695 1.010 0.314 1.247 2.180 0.030 

Emmons_D_eth_price 1 1.317 2.767 0.480 0.634 1.685 0.780 0.435 

Foster_D_eth_price 1 6.711 2.775 2.420 0.016 2.459 2.730 0.007 

Goldenvalley_D_eth_price 1 -0.604 2.653 -0.230 0.820 0.738 -0.820 0.413 

GrandForks_D_eth_price 1 0.944 2.650 0.360 0.722 1.136 0.830 0.406 

Grant_D_eth_price 1 0.474 2.849 0.170 0.868 0.915 0.520 0.604 

Griggs_D_eth_price 1 3.020 2.693 1.120 0.263 1.653 1.830 0.068 

Hettinger_D_eth_price 1 0.315 2.672 0.120 0.906 1.205 0.260 0.794 

Kidder_D_eth_price 1 0.318 2.728 0.120 0.907 0.723 0.440 0.660 

LaMoure_D_eth_price 1 9.854 2.692 3.660 0.000 3.214 3.070 0.002 

Logan_D_eth_price 1 2.149 2.726 0.790 0.431 1.072 2.010 0.045 

McHenry_D_eth_price 1 0.555 2.717 0.200 0.838 0.815 0.680 0.496 

McIntosh_D_eth_price 1 1.702 2.673 0.640 0.524 1.023 1.660 0.097 

McKenzie_D_eth_price 1 -0.561 2.727 -0.210 0.837 0.591 -0.950 0.344 

McLean_D_eth_price 1 0.309 2.876 0.110 0.914 0.833 0.370 0.711 

Mercer_D_eth_price 1 0.487 2.669 0.180 0.855 0.846 0.580 0.565 

Morton_D_eth_price 1 0.269 2.735 0.100 0.922 0.771 0.350 0.728 

Mountrail_D_eth_price 1 -0.277 2.722 -0.100 0.919 0.607 -0.460 0.648 

Nelson_D_eth_price 1 1.881 2.657 0.710 0.479 1.089 1.730 0.085 

Oliver_D_eth_price 1 1.308 2.689 0.490 0.627 0.965 1.350 0.176 

Pembina_D_eth_price 1 2.156 2.633 0.820 0.413 1.110 1.940 0.053 

Pierce_D_eth_price 1 1.092 2.618 0.420 0.677 0.866 1.260 0.207 

Ramsey_D_eth_price 1 4.549 2.627 1.730 0.084 2.002 2.270 0.023 

Ransom_D_eth_price 1 3.137 2.790 1.120 0.261 1.574 1.990 0.047 

Renville_D_eth_price 1 0.140 2.633 0.050 0.958 0.743 0.190 0.850 

Richland_D_eth_price 1 5.952 2.656 2.240 0.025 1.756 3.390 0.001 



84 
 

Table 3.3. Multiple linear regression model (continued) 

Variable  DF Parameter 

Estimate 

Standard  

Error 

t 

Value 

Pr > 

|t| 

Standar

d  

Error 

t 

Value 

Pr > 

|t| 

Rolette_D_eth_price 1 -0.236 2.719 -0.090 0.931 0.669 -0.350 0.724 

Sargent_D_eth_price 1 5.293 2.704 1.960 0.051 2.088 2.540 0.011 

Sheridan_D_eth_price 1 2.376 2.622 0.910 0.365 1.050 2.260 0.024 

Sioux_D_eth_price 1 1.206 2.766 0.440 0.663 1.067 1.130 0.259 

Slope_D_eth_price 1 -0.710 2.629 -0.270 0.787 0.621 -1.140 0.253 

Stark_D_eth_price 1 0.131 2.794 0.050 0.963 0.828 0.160 0.875 

Steele_D_eth_price 1 6.021 2.729 2.210 0.028 3.875 1.550 0.121 

Stutsman_D_eth_price 1 3.799 2.810 1.350 0.177 1.782 2.130 0.033 

Towner_D_eth_price 1 0.678 2.602 0.260 0.795 0.766 0.880 0.377 

Trail_D_eth_price 1 6.663 2.716 2.450 0.014 3.960 1.680 0.093 

Walsh_D_eth_price 1 0.689 2.602 0.260 0.791 0.876 0.790 0.432 

Ward_D_eth_price 1 -0.408 2.649 -0.150 0.878 0.631 -0.650 0.518 

Wells_D_eth_price 1 3.461 2.647 1.310 0.191 1.517 2.280 0.023 

Williams_D_eth_price 1 -0.580 2.683 -0.220 0.829 0.593 -0.980 0.328 

renfuel_vol 1 0.087 0.111 0.780 0.435 0.041 2.120 0.034 

Barnes_D_renfuel_vol 1 0.658 0.283 2.320 0.021 0.295 2.230 0.026 

Benson_D_renfuel_vol 1 0.078 0.284 0.280 0.783 0.139 0.560 0.573 

Billings_D_renfuel_vol 1 -0.087 0.174 -0.500 0.616 0.043 -2.050 0.041 

Bottineau_D_renfuel_vol 1 0.076 0.217 0.350 0.727 0.052 1.440 0.149 

Bowman_D_renfuel_vol 1 0.043 0.184 0.230 0.817 0.048 0.900 0.371 

Burke_D_renfuel_vol 1 -0.125 0.178 -0.700 0.484 0.040 -3.120 0.002 

Burleigh_D_renfuel_vol 1 0.258 0.275 0.940 0.349 0.080 3.230 0.001 

Cass_D_renfuel_vol 1 0.771 0.276 2.800 0.005 0.344 2.240 0.025 

Cavalier_D_renfuel_vol 1 -0.097 0.168 -0.580 0.564 0.040 -2.420 0.016 

Dickey_D_renfuel_vol 1 0.858 0.265 3.230 0.001 0.393 2.190 0.029 

Divide_D_renfuel_vol 1 -0.128 0.186 -0.690 0.491 0.041 -3.090 0.002 

Dunn_D_renfuel_vol 1 -0.117 0.241 -0.490 0.627 0.046 -2.530 0.012 

Eddy_D_renfuel_vol 1 0.171 0.236 0.730 0.469 0.112 1.520 0.128 

Emmons_D_renfuel_vol 1 0.740 0.196 3.770 0.000 0.207 3.570 0.000 

Foster_D_renfuel_vol 1 1.020 0.285 3.580 0.000 0.309 3.300 0.001 

Goldenvalley_D_renfuel_

vol 

1 -0.041 0.170 -0.240 0.810 0.041 -1.000 0.319 

GrandForks_D_renfuel_vo

l 

1 0.246 0.259 0.950 0.343 0.138 1.780 0.076 

Grant_D_renfuel_vol 1 0.087 0.201 0.430 0.666 0.092 0.940 0.349 

Griggs_D_renfuel_vol 1 0.536 0.259 2.070 0.039 0.136 3.950 <.000

1 

Hettinger_D_renfuel_vol 1 0.160 0.201 0.800 0.426 0.076 2.120 0.034 

Kidder_D_renfuel_vol 1 0.114 0.261 0.440 0.662 0.066 1.740 0.083 
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Table 3.3. Multiple linear regression model (continued) 

Variable  DF Parameter 

Estimate 

Standard  

Error 

t 

Value 

Pr > 

|t| 

Standar

d  

Error 

t 

Value 

Pr > 

|t| 

LaMoure_D_renfuel_vol 1 1.185 0.271 4.370 <.000

1 

0.397 2.990 0.003 

Logan_D_renfuel_vol 1 0.649 0.192 3.380 0.001 0.143 4.530 <.000

1 

McHenry_D_renfuel_vol 1 0.029 0.257 0.110 0.909 0.077 0.380 0.702 

McIntosh_D_renfuel_vol 1 0.849 0.232 3.660 0.000 0.149 5.720 <.000

1 

McKenzie_D_renfuel_vol 1 -0.124 0.186 -0.670 0.505 0.038 -3.290 0.001 

McLean_D_renfuel_vol 1 0.079 0.278 0.290 0.775 0.094 0.840 0.400 

Mercer_D_renfuel_vol 1 -0.065 0.208 -0.310 0.754 0.088 -0.740 0.458 

Morton_D_renfuel_vol 1 -0.001 0.225 0.000 0.997 0.083 -0.010 0.990 

Mountrail_D_renfuel_vol 1 -0.118 0.176 -0.670 0.504 0.039 -3.050 0.002 

Nelson_D_renfuel_vol 1 -0.045 0.314 -0.140 0.887 0.133 -0.340 0.736 

Oliver_D_renfuel_vol 1 -0.111 0.267 -0.420 0.678 0.096 -1.150 0.251 

Pembina_D_renfuel_vol 1 0.066 0.249 0.270 0.790 0.105 0.630 0.526 

Pierce_D_renfuel_vol 1 0.120 0.307 0.390 0.696 0.121 0.990 0.321 

Ramsey_D_renfuel_vol 1 -0.001 0.277 0.000 0.997 0.205 -0.010 0.995 

Ransom_D_renfuel_vol 1 0.259 0.235 1.100 0.272 0.171 1.510 0.130 

Renville_D_renfuel_vol 1 -0.054 0.192 -0.280 0.781 0.046 -1.170 0.242 

Richland_D_renfuel_vol 1 0.764 0.255 3.000 0.003 0.241 3.180 0.002 

Rolette_D_renfuel_vol 1 -0.064 0.169 -0.380 0.704 0.044 -1.460 0.145 

Sargent_D_renfuel_vol 1 0.877 0.254 3.450 0.001 0.272 3.220 0.001 

Sheridan_D_renfuel_vol 1 0.027 0.244 0.110 0.912 0.102 0.260 0.792 

Sioux_D_renfuel_vol 1 0.013 0.194 0.070 0.947 0.072 0.180 0.857 

Slope_D_renfuel_vol 1 -0.039 0.188 -0.210 0.835 0.041 -0.960 0.340 

Stark_D_renfuel_vol 1 -0.075 0.215 -0.350 0.728 0.063 -1.190 0.234 

Steele_D_renfuel_vol 1 0.796 0.257 3.100 0.002 0.352 2.260 0.024 

Stutsman_D_renfuel_vol 1 0.651 0.270 2.410 0.016 0.243 2.680 0.007 

Towner_D_renfuel_vol 1 0.008 0.178 0.050 0.962 0.050 0.170 0.867 

Trail_D_renfuel_vol 1 -0.079 0.246 -0.320 0.748 0.473 -0.170 0.867 

Walsh_D_renfuel_vol 1 0.069 0.255 0.270 0.788 0.098 0.700 0.485 

Ward_D_renfuel_vol 1 -0.062 0.201 -0.310 0.756 0.042 -1.490 0.136 

Wells_D_renfuel_vol 1 0.439 0.267 1.640 0.101 0.178 2.460 0.014 

Williams_D_renfuel_vol 1 -0.102 0.231 -0.440 0.660 0.037 -2.720 0.007 

max_temp 1 1.256 5.223 0.240 0.810 1.735 0.720 0.469 

Barnes_D_max_temp 1 8.532 11.428 0.750 0.456 12.847 0.660 0.507 

Benson_D_max_temp 1 3.764 11.727 0.320 0.748 6.556 0.570 0.566 

Billings_D_max_temp 1 2.129 8.744 0.240 0.808 2.063 1.030 0.302 

Bottineau_D_max_temp 1 2.772 10.374 0.270 0.789 2.997 0.920 0.355 
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Table 3.3. Multiple linear regression model (continued) 

Variable  DF Parameter 

Estimate 

Standard  

Error 

t 

Value 

Pr > 

|t| 

Standar

d  

Error 

t 

Value 

Pr > 

|t| 

Bowman_D_max_temp 1 1.630 7.528 0.220 0.829 1.964 0.830 0.407 

Burke_D_max_temp 1 0.966 9.377 0.100 0.918 1.848 0.520 0.601 

Burleigh_D_max_temp 1 4.888 8.582 0.570 0.569 2.608 1.870 0.061 

Cass_D_max_temp 1 6.451 10.295 0.630 0.531 15.015 0.430 0.668 

Cavalier_D_max_temp 1 0.314 8.772 0.040 0.972 1.970 0.160 0.874 

Dickey_D_max_temp 1 -0.935 12.080 -0.080 0.938 18.032 -0.050 0.959 

Divide_D_max_temp 1 -0.862 9.477 -0.090 0.928 1.993 -0.430 0.666 

Dunn_D_max_temp 1 -1.281 7.830 -0.160 0.870 1.920 -0.670 0.505 

Eddy_D_max_temp 1 4.939 10.389 0.480 0.635 5.477 0.900 0.367 

Emmons_D_max_temp 1 6.430 8.878 0.720 0.469 8.496 0.760 0.449 

Foster_D_max_temp 1 14.874 11.496 1.290 0.196 11.284 1.320 0.188 

Goldenvalley_D_max_tem

p 

1 1.291 7.609 0.170 0.865 1.836 0.700 0.482 

GrandForks_D_max_temp 1 10.660 9.650 1.100 0.270 7.634 1.400 0.163 

Grant_D_max_temp 1 -0.721 7.510 -0.100 0.924 2.527 -0.290 0.776 

Griggs_D_max_temp 1 8.486 10.491 0.810 0.419 5.959 1.420 0.155 

Hettinger_D_max_temp 1 -0.521 7.611 -0.070 0.946 2.801 -0.190 0.853 

Kidder_D_max_temp 1 4.222 11.580 0.360 0.716 3.412 1.240 0.216 

LaMoure_D_max_temp 1 4.248 12.634 0.340 0.737 17.648 0.240 0.810 

Logan_D_max_temp 1 5.101 8.638 0.590 0.555 3.776 1.350 0.177 

McHenry_D_max_temp 1 1.183 11.469 0.100 0.918 3.749 0.320 0.753 

McIntosh_D_max_temp 1 16.389 9.914 1.650 0.099 4.775 3.430 0.001 

McKenzie_D_max_temp 1 -0.267 7.777 -0.030 0.973 1.730 -0.150 0.878 

McLean_D_max_temp 1 0.152 11.714 0.010 0.990 3.951 0.040 0.969 

Mercer_D_max_temp 1 -0.552 10.802 -0.050 0.959 3.972 -0.140 0.890 

Morton_D_max_temp 1 -1.022 8.342 -0.120 0.903 2.959 -0.350 0.730 

Mountrail_D_max_temp 1 0.334 9.301 0.040 0.971 1.820 0.180 0.854 

Nelson_D_max_temp 1 0.818 11.558 0.070 0.944 5.749 0.140 0.887 

Oliver_D_max_temp 1 -1.546 8.212 -0.190 0.851 2.584 -0.600 0.550 

Pembina_D_max_temp 1 8.516 11.307 0.750 0.452 4.449 1.910 0.056 

Pierce_D_max_temp 1 -1.270 12.265 -0.100 0.918 5.630 -0.230 0.822 

Ramsey_D_max_temp 1 14.514 10.046 1.440 0.149 9.195 1.580 0.115 

Ransom_D_max_temp 1 -6.779 10.078 -0.670 0.501 7.327 -0.930 0.355 

Renville_D_max_temp 1 -0.198 9.879 -0.020 0.984 2.348 -0.080 0.933 

Richland_D_max_temp 1 17.071 11.119 1.540 0.125 13.969 1.220 0.222 

Rolette_D_max_temp 1 0.850 8.684 0.100 0.922 2.201 0.390 0.699 

Sargent_D_max_temp 1 3.993 11.304 0.350 0.724 14.101 0.280 0.777 

Sheridan_D_max_temp 1 0.223 10.846 0.020 0.984 3.858 0.060 0.954 
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Table 3.3. Multiple linear regression model (continued) 

Variable  DF Parameter 

Estimate 

Standard  

Error 

t 

Value 

Pr > 

|t| 

Standar

d  

Error 

t 

Value 

Pr > 

|t| 

Sioux_D_max_temp 1 8.255 7.642 1.080 0.280 3.183 2.590 0.010 

Slope_D_max_temp 1 -0.193 7.526 -0.030 0.980 1.851 -0.100 0.917 

Stark_D_max_temp 1 -0.997 7.710 -0.130 0.897 2.099 -0.470 0.635 

Steele_D_max_temp 1 19.569 10.101 1.940 0.053 15.467 1.270 0.206 

Stutsman_D_max_temp 1 3.086 10.554 0.290 0.770 7.758 0.400 0.691 

Towner_D_max_temp 1 5.413 10.007 0.540 0.589 2.608 2.080 0.038 

Trail_D_max_temp 1 11.419 10.716 1.070 0.287 21.808 0.520 0.601 

Walsh_D_max_temp 1 8.070 11.658 0.690 0.489 6.227 1.300 0.195 

Ward_D_max_temp 1 -0.489 9.251 -0.050 0.958 2.050 -0.240 0.812 

Wells_D_max_temp 1 3.883 9.512 0.410 0.683 6.067 0.640 0.522 

Williams_D_max_temp 1 -0.574 8.460 -0.070 0.946 1.748 -0.330 0.743 

min_temp 1 1.248 2.425 0.510 0.607 0.721 1.730 0.084 

Barnes_D_min_temp 1 -19.532 12.260 -1.590 0.112 12.145 -1.610 0.108 

Benson_D_min_temp 1 -7.861 10.505 -0.750 0.455 5.485 -1.430 0.152 

Billings_D_min_temp 1 -2.791 7.849 -0.360 0.722 1.034 -2.700 0.007 

Bottineau_D_min_temp 1 0.589 4.823 0.120 0.903 1.372 0.430 0.668 

Bowman_D_min_temp 1 -1.616 8.742 -0.180 0.853 1.421 -1.140 0.256 

Burke_D_min_temp 1 -2.429 5.283 -0.460 0.646 0.837 -2.900 0.004 

Burleigh_D_min_temp 1 1.883 11.069 0.170 0.865 2.991 0.630 0.529 

Cass_D_min_temp 1 -26.745 10.704 -2.500 0.013 14.634 -1.830 0.068 

Cavalier_D_min_temp 1 -1.591 4.935 -0.320 0.747 1.044 -1.520 0.128 

Dickey_D_min_temp 1 12.629 10.551 1.200 0.232 14.717 0.860 0.391 

Divide_D_min_temp 1 -1.934 6.029 -0.320 0.749 0.935 -2.070 0.039 

Dunn_D_min_temp 1 -1.024 10.050 -0.100 0.919 1.610 -0.640 0.525 

Eddy_D_min_temp 1 -0.621 10.789 -0.060 0.954 5.925 -0.100 0.917 

Emmons_D_min_temp 1 1.034 11.692 0.090 0.930 10.154 0.100 0.919 

Foster_D_min_temp 1 9.047 12.192 0.740 0.458 13.311 0.680 0.497 

Goldenvalley_D_min_tem

p 

1 -0.882 7.635 -0.120 0.908 1.159 -0.760 0.447 

GrandForks_D_min_temp 1 -19.976 10.447 -1.910 0.056 5.386 -3.710 0.000 

Grant_D_min_temp 1 5.278 6.029 0.880 0.382 2.312 2.280 0.023 

Griggs_D_min_temp 1 0.900 11.441 0.080 0.937 7.063 0.130 0.899 

Hettinger_D_min_temp 1 0.566 9.333 0.060 0.952 2.713 0.210 0.835 

Kidder_D_min_temp 1 0.744 11.179 0.070 0.947 2.976 0.250 0.803 

LaMoure_D_min_temp 1 -3.285 10.788 -0.300 0.761 15.073 -0.220 0.828 

Logan_D_min_temp 1 8.809 9.669 0.910 0.363 6.559 1.340 0.180 

McHenry_D_min_temp 1 -4.475 9.614 -0.470 0.642 2.880 -1.550 0.121 

McIntosh_D_min_temp 1 10.211 9.750 1.050 0.295 4.719 2.160 0.031 
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Table 3.3. Multiple linear regression model (continued) 

Variable  DF Parameter 

Estimate 

Standard  

Error 

t 

Value 

Pr > 

|t| 

Standar

d  

Error 

t 

Value 

Pr > 

|t| 

McKenzie_D_min_temp 1 -1.440 9.172 -0.160 0.875 0.851 -1.690 0.091 

McLean_D_min_temp 1 2.730 10.807 0.250 0.801 2.996 0.910 0.363 

Mercer_D_min_temp 1 -4.637 10.698 -0.430 0.665 2.984 -1.550 0.121 

Morton_D_min_temp 1 -1.117 10.077 -0.110 0.912 3.301 -0.340 0.735 

Mountrail_D_min_temp 1 -1.718 6.219 -0.280 0.782 0.820 -2.100 0.036 

Nelson_D_min_temp 1 -7.304 11.734 -0.620 0.534 4.164 -1.750 0.080 

Oliver_D_min_temp 1 -7.004 10.616 -0.660 0.510 3.920 -1.790 0.074 

Pembina_D_min_temp 1 -6.598 9.387 -0.700 0.482 3.933 -1.680 0.094 

Pierce_D_min_temp 1 -0.844 10.314 -0.080 0.935 3.602 -0.230 0.815 

Ramsey_D_min_temp 1 -15.577 11.678 -1.330 0.183 6.643 -2.340 0.019 

Ransom_D_min_temp 1 9.524 11.562 0.820 0.410 9.795 0.970 0.331 

Renville_D_min_temp 1 -1.205 5.103 -0.240 0.813 1.129 -1.070 0.286 

Richland_D_min_temp 1 -3.630 9.951 -0.360 0.715 14.432 -0.250 0.802 

Rolette_D_min_temp 1 -2.105 5.010 -0.420 0.675 1.035 -2.030 0.042 

Sargent_D_min_temp 1 -7.609 10.343 -0.740 0.462 16.072 -0.470 0.636 

Sheridan_D_min_temp 1 2.247 5.929 0.380 0.705 2.045 1.100 0.272 

Sioux_D_min_temp 1 -8.056 6.492 -1.240 0.215 1.857 -4.340 <.000

1 

Slope_D_min_temp 1 -0.347 8.851 -0.040 0.969 1.238 -0.280 0.779 

Stark_D_min_temp 1 -1.502 9.018 -0.170 0.868 1.666 -0.900 0.368 

Steele_D_min_temp 1 -28.832 11.987 -2.410 0.016 14.313 -2.010 0.044 

Stutsman_D_min_temp 1 0.489 11.716 0.040 0.967 9.901 0.050 0.961 

Towner_D_min_temp 1 -2.443 4.916 -0.500 0.619 1.142 -2.140 0.033 

Trail_D_min_temp 1 -67.270 9.941 -6.770 <.000

1 

19.264 -3.490 0.001 

Walsh_D_min_temp 1 -7.384 10.112 -0.730 0.465 3.195 -2.310 0.021 

Ward_D_min_temp 1 -0.490 8.962 -0.050 0.956 1.218 -0.400 0.688 

Wells_D_min_temp 1 -1.448 10.589 -0.140 0.891 6.481 -0.220 0.823 

Williams_D_min_temp 1 -1.117 10.701 -0.100 0.917 1.105 -1.010 0.312 

 

The key results here indicate variables such as corn expected revenue, corn stocks, the 

future prices for corn and soybean, the and spot prices for wheat and hay crops are statistically 

significant (ρ values < 0.10). However, variables like ethanol price, ethanol volume, renewable 

fuel mandate volume, and minimum temperature are insignificant (ρ values > 0.10).  
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The dependent variable “corn_acre” represents a total area planted with corn in a specific 

county for a given period. The corn expected revenue variable is assumed to be positively 

correlated with corn acreage, although the sign is instead negative. The future price for corn 

crops is positively correlated with the corn planted acreage, as expected. Also, the competing 

crop price variables of the hay spot price and the soybean future price are negatively correlated 

with corn planted acreage, as expected. As corn stocks volume from the previous year increases, 

the total planted corn acre in the next year decreases. So, we expect corn stocks to correlate with 

the total corn planted acre negatively. However, the sign is instead positive.  

As demand for ethanol increases, we expect an increase in corn planted acreage, which 

will ultimately lead to an increase in renewable fuel volume. Ethanol price variables are likely to 

be positively correlated with corn acreage. However, all four biofuel energy variables including 

the price of oil, ethanol, the volume of ethanol, and the renewable fuel mandated volume are not 

significant according to our multiple regression results.  

We also expect farmers to make crop planting acreage decisions based on the relative 

dryness and wetness of crop and soil moisture levels (PDSI) at the time of planting. The crop/soil 

moisture variables are expected to correlate with corn planted acreage positively. The result 

indicates if the moisture in the soil is less during March, then the farmer will plant more corn in 

the upcoming year. Also, the maximum temperature variable is positively correlated with corn 

acreage, as expected, and includes the total precipitation for April, May, June, and July. Higher 

minimum temperatures from previous seasons encourage farmers to allow more land to be 

planted with corn crops. Our expected sign between minimum temperature and corn acreage is 

positive, and even though this matches our expectation, the result is not significant. 
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From Table 3.4 we see that the output elasticities of corn expected revenue and corn 

stocks were -8.8864 and 47.7563, respectively, and are statistically significant. However, the 

sign of the coefficients does not match our expectations. Further, the output elasticities of corn 

future price, wheat spot price, hay spot price, and soybean future price are 61.3228, 48.6787, -

20.1952, and -49.2227, respectively. In other words, for the 53 counties, holding everything 

constant, a 1% increase in the corn future price led to a 0.6133% increase on average in the corn 

planted acreage. Also, a 1% increase in the hay spot price led to a 0.2019% decrease on average 

in the corn planted acreage. Finally, a 1% increase in soybean future price resulted in a 0.4923% 

decrease on average in corn planted acreage.  

The output elasticities of the soil moisture index (PDSI), the monthly maximum 

temperature, and the total rainfall were 14.8583, 132.5554, and 21.4212, respectively. In other 

words, a 1% increase in soil moisture in May led to a 0.1486% increase in corn acreage 

expansion. Similarly, as maximum temperature increased during the planting season, corn 

planted acreage expanded significantly. Also, the total rainfall variable is positively correlated 

with corn planted acreage such that a 1% increase in total rainfall led to a 0.2143% increase in 

total corn planted acreage. 

Table 3.4. Elasticity (ey) of corn acreage with respect to prices 

County ey _Corn price ey _Wheat price ey _Hay price ey _Ethanol 

price 

ey _Soybean 

price 

Adams -0.109 -0.144 0.016 0.267 0.119 

Barnes 0.329 1.407 0.082 3.011 0.119 

Benson -0.292 0.719 0.028 1.373 0.119 

Billings -0.154 -0.094 -0.004 0.077 0.119 

Bottineau -0.893 0.289 0.029 0.050 0.119 

Bowman -0.092 -0.303 0.001 -0.139 0.119 

Burke -0.226 0.022 -0.002 0.471 0.119 

Burleigh -0.905 -0.243 0.003 0.679 0.119 

Cass 2.661 1.752 0.141 1.547 0.119 
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Table 3.4. Elasticity (ey) of corn acreage with respect to prices (continued) 

County ey _Corn price ey _Wheat price ey _Hay price ey _Ethanol 

price 

ey _Soybean 

price 

Cavalier -0.331 0.143 0.004 0.337 0.119 

Dickey 1.453 -0.684 -0.003 4.290 0.119 

Divide -0.233 0.072 0.005 0.299 0.119 

Dunn -0.225 0.036 0.006 0.062 0.119 

Eddy -0.741 0.236 0.035 1.641 0.119 

Emmons -1.144 -0.644 0.062 0.933 0.119 

Foster -2.071 0.372 0.020 3.662 0.119 

Goldenvalley -0.255 -0.012 0.002 -0.039 0.119 

GrandForks 0.730 0.641 0.064 0.745 0.119 

Grant 0.091 -0.308 0.037 0.507 0.119 

Griggs -0.995 0.518 0.017 1.795 0.119 

Hettinger -0.202 -0.228 0.022 0.426 0.119 

Kidder -0.538 -0.134 0.009 0.428 0.119 

LaMoure 1.895 -0.085 0.028 5.252 0.119 

Logan -0.660 -0.893 0.004 1.354 0.119 

McHenry -0.586 0.408 0.027 0.548 0.119 

McIntosh -1.872 -0.887 -0.031 1.128 0.119 

McKenzie -0.165 0.022 0.001 -0.017 0.119 

McLean -0.477 0.042 0.003 0.423 0.119 

Mercer -0.649 0.487 0.040 0.513 0.119 

Morton -0.148 0.046 0.031 0.403 0.119 

Mountrail -0.204 0.024 0.000 0.127 0.119 

Nelson 0.088 0.603 0.029 1.219 0.119 

Oliver -0.269 0.487 0.035 0.929 0.119 

Pembina 0.124 -0.536 -0.044 1.357 0.119 

Pierce -0.449 0.213 0.033 0.820 0.119 

Ramsey -0.697 1.643 0.010 2.568 0.119 

Ransom -0.555 1.010 0.053 1.854 0.119 

Renville -0.353 0.094 0.013 0.338 0.119 

Richland 1.476 0.184 -0.035 3.278 0.119 

Rolette -0.298 0.038 0.003 0.147 0.119 

Sargent 0.789 -0.015 0.034 2.944 0.119 

Sheridan -0.155 -0.005 0.027 1.469 0.119 

Sioux -0.314 -0.286 -0.002 0.877 0.119 

Slope -0.175 -0.088 0.007 -0.092 0.119 

Stark -0.220 0.147 0.013 0.333 0.119 

Steele 0.143 2.596 0.091 3.313 0.119 

Stutsman 0.283 0.668 0.046 2.189 0.119 
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Table 3.4. Elasticity (ey) of corn acreage with respect to prices (continued) 

County ey _Corn price ey _Wheat price ey _Hay price ey _Ethanol 

price 

ey _Soybean 

price 

Towner -0.546 0.358 0.001 0.610 0.119 

Traill 3.454 4.470 0.166 3.638 0.119 

Walsh -0.091 0.359 0.024 0.615 0.119 

 Ward -0.267 0.112 0.005 0.060 0.119 

Wells -0.468 0.615 0.047 2.018 0.119 

Williams -0.168 -0.006 0.003 -0.026 0.119 

 

The corn future price variable is expected to correlate with corn planted acreage 

positively. From Table 3.4, we see that the elasticity of corn future price with respect to corn 

planted acreage is (0.10) for Adams County. In other words, there is a 0.10% change in corn 

acreage due to a 1 unit change in the corn expected price on average over the previous 26 years. 

In addition, a 1% increase in the soybean price led to a 0.14% decrease on average in the corn 

planted acreage (for Adams County), holding everything else constant as before. The value of the 

corn price elasticity is 2.66 representing that the corn acreage increased by 2.66% (Cass County) 

due to a 1 unit increase in the corn price on average. Further, corn price elasticities with respect 

to corn planted acreage are positive and greater than 1 for counties including Cass, Dickey, 

Lamour, Richland, Trail. For these, a 1 unit increase in corn price led to more than 1% change in 

corn planted acreage on average from 1990 to 2015. These counties’ corn planting decisions are 

more responsive to the corn expected price as compared to other counties. However, counties 

such as Barnes, Grant, Nelson have corn price elasticity values ranging from 0.02 to 0.09. Thus, 

corn planted acreage in these counties are less responsive to corn prices. Also, counties known as 

Pembina, Steele, Stutsman, Grandforks have corn price elasticity values fall between 0.10 to 

0.80. 

Wheat future price variables are expected to correlate with corn planted acreage 

negatively. For the soybean future price elasticity, a 1% increase led to less than 1% decrease on 
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average in the corn planted acreage for counties Adams, Bowman, Burleigh, Dickey, Emmons, 

Hettinger, McIntosh, Sheridan, and Slope. The corn planted acreage in these counties was more 

responsive to the wheat future price as compared to other counties. Also, Adams, Barnes, 

Dickey, Dunn, Eddy, Grant, Lamoure, Mclean, Morton, Mountrail, and Nelson Counties were 

moderately responsive to the wheat price with respect to corn planted acreage.  

Hay price variables are expected to correlate with corn planted acreage negatively. A 1% 

increase in the hay price led to less than 1% decrease on average in the corn planted acreage for 

counties like Billings, Dickey, Pembina. However, a majority of counties (totaling 46) have a 

positive hay price elasticity value with respect to corn planted acreage. For hay price elasticity, a 

1% increase led to a 0.001 to 0.17% increase on average in the corn planted acreage throughout 

North Dakota counties. The corn planted acreage in majority counties was less responsive to hay 

price as compared to other crop prices.  

The ethanol price variable is expected to correlate with corn planted acreage negatively. 

The ethanol price elasticities have negative values with respect to corn planted acreage for some 

counties including Bowman, Goldenvalley, Mckenzie, Slope, and Williams. In other words, a 

1% increase in the ethanol price led to 0.01 to 0.13% decrease in the corn acreage expansion. 

These counties were more responsive to ethanol price as compared to other counties. However, 

the majority of counties (totaling 48) have a positive ethanol price elasticity value with respect to 

corn planted acreage.  Finally, the soybean future price variables are expected to correlate with 

corn planted acreage positively. Also, the value of soybean future price with respect to corn 

acreage remain constant (0.119) for all counties of North Dakota.  
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3.7. Conclusion 

This article examines the local crop selection decisions of ND farmers in response to 

changes in major crop prices, expected revenue, biofuel policy mandates, climate, and other 

economic factors. This research identifies the driving factors of crop acreage response focusing 

on North Dakota agriculture. We focus on producers’ decision making drivers at a regional scale 

(county level). Moreover, we ask how and why agricultural producers respond to different 

challenges as their crop mix became more destined for ethanol production and less for food 

consumption. Here, this research presents producers’ corn planting decisions and how these vary 

over time due to various factors. The long-run trend of corn acreage expansion is expected to 

interconnect with changes in major crops, ethanol prices, climate, and renewable fuel policy 

mandates. Key findings indicate corn planted acres increased by 1.2 million acres in North 

Dakota. Also, different counties are characterized by various crop rotation schemes due to 

climatic conditions and other economic factors. Further, the value of crop price elasticities 

indicates a significant impact of major crop prices on corn planted acreage decisions.  

The local producer’s responses on their decisions to plant corn due to econometric, 

biophysical, and biofuel policy factors have yet to be fully documented. Further information on 

farms, such as topography and soil quality, and socio-demographic factors, such as farmers 

education and farm practices, is required to better understand farmers’ corn planting choices and 

to develop our modeling framework further. We leave it to future research to perform a national 

level study on decision making mechanism to find the extent of price and climate variables on 

acreage were due to input usage, land allocation among crops, and extensive margin changes. It 

would help quantify process by which price and other factors affect crop acreage. Nevertheless, 
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our analysis does reveal the importance of climate variables to examine climate change impact 

on crop acreage change.  
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CHAPTER 4. ENVIRONMENTAL BENEFITS ESTIMATION AND ASSESSMENT OF 

CONSERVATION PRACTICES: A NOVEL APPROACH1 

4.1. Abstract 

This paper estimates the economic and environmental benefits of implemented 

conservation practices on sediment reduction at the Bad River basin in west central South 

Dakota. The economic analysis includes estimation of benefit cost ratio (BCR), annual rate of 

return and net present value (NPV) due to adoption of best management practices (BMPs). The 

geographic component includes a novel index “ability to produce clean water” (APCW) that 

discuss how sustainable farm management practices help reduce sediment discharge. The key 

findings suggest that benefit value of sediment reduction average $2.32 per ton expressed in 

constant (year = 2000) dollars and the benefit value of $21, 518, 823.60 is greater as compared to 

total project cost of $7,823,000 and benefit value of $28,628,046 is higher than that of total 

project cost of $7,823,000both in scenario I and II respectively. Also, the ratio of benefits to 

costs is 2.75 and the average annual rate of return is 6.4% (scenario I) and the ratio of benefits to 

cost is3.65and the average annual rate of return is 8.4% (scenario II).The benefit estimated in 

both scenarios exceeds total project costs, NPV has a value of greater than zero and BCR is 

greater than one. In this paper, we focused on estimation of economic benefit and environmental 

                                                           
1 1The material in this chapter was co-authored by Md. Rezwanul Parvez., N. K. Chowdhury, L. L. Janssen, A. J. 

Smart, R. G. Stover, B. D. Madurapperuma, and D. Ripplinger. Md. Rezwanul Parvez had primary responsibility for 

collecting samples in the field and for interviewing users of the test system. Md. Rezwanul Parvez was the primary 

developer of the conclusions that are advanced here. Md. Rezwanul Parvez also drafted and revised all versions of 

this chapter. David Ripplinger served as proofreader and checked the math in the statistical analysis conducted by 

Md. Rezwanul Parvez. 
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impact due to adoption of conservation practices. We leave it to future research to develop a 

model of the drivers or determinants of sediment flow. Also, the inclusion of another watershed 

scenario without conservation management practices to compare for a difference-in-differences 

type analysis would be worthwhile. This would significantly expands the research to identify 

underlying causes of watershed sedimentation. Nevertheless, our estimation does show the 

importance of including both geographic and economic component to discuss conservation 

practices impact on sediment reduction at a watershed scale.  

Key words: Ability to produce clean water, Annual rate of return, Benefit-cost analysis, Benefit 

cost ratio, Net present value 

4.2. Introduction 

The issue of sediment in the environment has been a topic of concern for many decades. 

Since the 1930’s, the number of studies related to sediment erosion, transport, and deposition has 

increased exponentially in the United States. Erosion has become an essential research topic for 

physical and social scientists as well (Castro and Reckendorf, 1995). Also, the estimation of 

conservation benefits on sediment reduction is of prime importance to policy makers. The 

National Resources Inventory (NRI) report (2009) of Untied States department of agriculture 

(USDA) presents data on erosion from water (sheet and rill erosion) and wind processes on 

cropland from the period of 1982-2007. This analysis will help policy makers in their efforts to 

address conservation measures on highly erodible cropland. The estimation procedures of 

economic and environmental benefits due to sediment reduction are quite different from each 

other. For example, Paterson et al. (1993) conducted a study which developed and applied a 

conventional cost benefit calculation method of evaluating the economic benefits of sediment 

control. Fox et al. (2009) also provided the conceptual framework by which the ecological 
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systems interact with the social and economic systems and defined the ecosystem goods and 

services as extractable goods and tangible and intangible services. A paper by Kroeger and 

Caseya (2007) conducted a study of market-based approaches to providing ecosystem services 

on agricultural lands and examined the reasons for why markets have failed to provide an 

efficient allocation of many ecosystem services. Ren et al. (2011) studied conservation measures 

and sediment yield for 32 years on the Lianshui watershed located in the northeast of Xingguo in 

China. The Mann-Kendall Test was used to calculate the contribution of long-term soil and water 

conservation measures. Wang et al. (2008) used simulation models to analyze the impact of 

agricultural management at the watershed scale. The paper also tested the APEX (Agricultural 

Policy/Environmental extender) model, using long-term (1976–1995) data from two watersheds.  

The calibrated model was used to predict monthly run-off and sediment yield data for the two 

watersheds. Zhou et al. (2009) analyzed cost effective conservation practices on sediment 

reduction under corn-soybean rotation in an Iowa agricultural watershed. The Water Erosion 

Prediction Project (WEPP) model was used for estimating annual sediment on three tillage 

systems (chisel plow (CP), disk tillage (DT), and no-tillage (NT)) as well as three conservation 

structures (grassed waterways, filter strips, and terraces). 

The inclusion of Geographic Information System (GIS) component is useful to identify 

and prioritize critical watershed areas for conservation. Weighted overlay analysis of land-

use/cover data and environmental variables are utilized for watershed modeling. For example, 

Nick (2011) used predicted sediment loading model for the French Creek sub-basin using land-

use/cover, precipitation, slope, and soil types. Barnes et al. (2009) adopted “an index of ability to 

produce clean water (APCW)” to surrogate sediment loading at the northeast and north central 

regions of the United States. The parameters used for APCW model were riparian forest, forest 
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cover, agricultural land, erodible soil, road density, and housing density. Similarly, Rozario et al. 

(2011) assessed potential sediment loading sites of the James sub-region of the Missouri 

watershed in North Dakota using the APCW model.   

The Bad River has a notorious reputation for having a large amount of sediment load. 

The Bad River Water Quality (BRWQ) Project was initiated to determine the sources and effect 

of sedimentation. The lower third of the Bad River basin is the major contributor of sediment 

creation in Lake Sharpe. The BRWQ Phase II Project helped determine sediment sources within 

the lower Bad River watershed. The phase II objective was to determine cost effective land 

treatments that provide long lasting erosion control and reduction in sediment load, while not 

jeopardizing the financial stability of cooperating landowners. The study is based on a multi-

disciplinary project of a Conservation Effects Assessment Project (CEAP) funded by the United 

States Department of Agriculture (USDA) to assess the effectiveness of the BRWQ project in 

South Dakota. The BRWQ project is the joint effort of farmers, ranchers, landowners, and 

producers. The BRWQ project operated from 1990 through 2004. The objective of the BRWQ 

project was to find cost-effective land treatments to reduce sediment loading into the Bad River. 

The key finding is a significant reduction of sediment from the Bad River to the Lake Sharpe due 

to the adoption of conservation best management practices (BMP’s) in the Lower Bad River 

basin. This study examines the effect of adopting specific sets of conservation practices, 

including prescribed grazing, windbreak structure, upland wildlife habitat and riparian 

management on sediment reduction.  

The overall objective of this study is to investigate the effectiveness and cost-benefit of 

conservation management practices on sediment reduction in the Lower Bad River Basin.  

The key goals of this research are to: 
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(1) quantify the per ton benefit value of sediment reduction to assess the effect of 

conservation practices and to evaluate the BRWQ projects impact on sediment reduction; 

(2) compare how sedimentation influences the ability to produce clean water during BRWQ 

project (1990-2004) and after the BRWQ project (2005-2009) in the Bad River 

watershed; 

(3) calculate the net present value (NPV) of environmental benefits due to adoption of 

conservation management practices.  

The primary hypothesis of this study is that the adoption of different conservation 

management practices helps reduce the rate of sedimentation in a cost effective manner. This 

paper is organized as follows. In Section 2, the integrated analytical methods are presented, 

clarifying the particular analytical tools which are used to quantitatively estimate sediment 

reduction benefits. Section 3 focuses on presenting the results of the economic benefit estimation 

of sediment reduction (scenario I & II) and also discusses the APCW model findings of ability to 

produce clean water.  Concluding remarks and study limitations are in the final section. Then the 

paper ends with some concluding remarks. 

4.3. Materials and Methods 

4.3.1. Study Area 

The Bad River (BR) watershed is located in west-central South Dakota within Stanley 

and Jones Counties (Figure 4.1). This watershed encompasses an area of 3,173 miles2 or 

2,030,720 acres and includes 63% rangeland and 36% cropland (Thelen and Noeske, 1996). The 

BR drains into the Missouri River at Ft. Pierre. The central coordinates for the study area are 440 

7' 5" N and 1010 14' 49" E. The BR originates in the Badlands near Wall, S.D., and flows to the 

east approximately 100 miles, where it discharges into Lake Sharpe near Ft. Pierre. The lower 



104 
 

third of the BR watershed (known as Lower Bad River Basin) discharges 2.17 million tons out of 

the 3.25 million tons of sediment annually discharged into Lake Sharpe. Two-thirds of the 

sediment comes primarily from the rangeland areas of the watershed. 

 

 

Figure 4.1. Study area map of Bad River watershed in South Dakota 

4.3.2. Data Collection and Synthesis 

This paper analyzes the economic and geographic component of a multi-disciplinary 

effort to assess the BRWQ project. The main focus of this paper is to measure sediment potential 

and also to quantify the benefits and costs of conservation practices adopted that led to a 

reduction of sediment in the Lower Bad River basin. One study focused mainly on producers’ 

perceptions and assessment of their participation in the BRWQ project, and also presented 

detailed analysis of BRWQ project costs for the rangeland BMPs (Parvez, 2011). The estimation 

of economic and environmental benefits of sediment reduction in the Lower Bad River basin is 

primarily based on secondary data. 
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4.3.3. Data Collection: Benefits and Costs 

The data used in this study to estimate benefits are derived from secondary sources. The 

key objective is to estimate economic and environmental benefits of sediment reduction through 

adoption of BMP’s in the Lower Bad River basin. The sources of sediment data is United States 

Geological Survey (USGS) for the period of 1972-2012. The annual amount of sediment 

deposited from the Bad River into the Lake Sharpe for this 41-year period is shown in Appendix 

1. The cost data used in this analysis is mainly from the Bad River Phase II and Phase III reports 

(Thelen, 2004; Thelen and Noeske, 1996) and from further primary data collected and examined 

by Parvez et al., (2011a). The major costs examined were those costs incurred for BMP 

rangeland practices and related practices during the BRWQ project Phases II and III.   

The analysis of data contains estimates of economic benefits and costs are related to adoption of 

conservation practices in the Lower Bad River basin. 

4.3.4. Data Analysis: Benefit and Cost Estimation 

The amount of sediment reduction changes in sediment per-ton is multiplied by the dollar 

value per-ton of sediment reduction for 14 categories of soil conservation benefits to quantify the 

benefit of sediment reduction. Economic benefits were estimated for a 15-year period in the post-

BMP adoption period beginning in 2005. The estimated annual amount of sediment reduction 

during this 15-year benefit period was developed in two scenarios, which are discussed later in 

this section. The BRWQ project costs of BMP adoption were incurred in Phase II and III over 

the 15-year period (1990 to 2004). Thus, the economic benefits of sediment reduction were 

estimated only for the post-BMP period between 2005 – 2019, while the BMP adoption costs 

were incurred between 1990 and 2004. This means that benefits and costs need to be 

standardized to constant dollar values, which allows for more direct comparison of benefits to 
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costs. In addition, an average rate of return was estimated that accounted for the 15-year average 

difference in time periods of benefits examined in relation to BMP related costs. To calculate the 

economic benefits of sediment reduction, we used the following equation: 

Total benefit=Σ (water erosion value of 14 different categories × water erosion tons)     (14) 

The per-ton benefit of soil erosion reduction values of 14 different categories in county 

level data are taken from the Hansen and Ribaudo (2008) report. We summed the average of per 

ton benefit values of 14 different categories to calculate the benefit of sediment reduction in the 

Bad River basin. The per-ton benefit values in 14 different categories were reservoir services, 

navigation, water-based recreation, irrigation ditches and channels, road drainage ditches, 

municipal water treatment, flood damages, marine fisheries, fresh water fisheries, marine 

recreational fishing, municipal and industrial use, steam power plants, dust cleaning and soil 

productivity. Twelve of the benefit categories were applicable to changes in water erosion except 

dust cleaning which was applicable to changes in wind erosion only. Soil productivity values 

were applicable in the estimation of both water and wind erosion. Based on this data set the unit 

benefit value of sediment reduction in this locality (Stanley and Jones county) was an average of 

$2.32 per ton expressed in constant (year=2000) dollars. In addition, we converted BMP costs 

and project related costs expressed in constant dollars (year=2000) to be comparable to benefit 

values. 

Sediment discharge data is categorized into three different time periods to examine the 

effect of investment in Phase II and III of BRWQ projects. Three different time periods are used 

to calculate average sediment discharge data: pre-BMP (1972-1989), BMP project investment 

period (1990-2004), and post-BMP (2005-2012). The annual sediment discharge data for all 

three periods are reported in Appendix 1. 
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Project cost data are taken from the BRWQ projects phase II and phase III for the time 

period of 1990 through 2004 for a BMP investment period of 15 years. The funds for the project 

costs came from EPA 319 section funds, other federal funds, state agency funds, and landowners. 

The benefit-cost ratio (BCR) and net present value (NPV) can be expressed by using following 

equations: 

BCR = ∑ [
Bt

(1+r)t

n

t=1
/

Ct

(1+r)t
]                  (15) 

where, 𝐵𝑡 is the benefit in time t and 𝐶𝑡 is the cost in time t. If the 𝐵𝐶𝑅 > 1, then the project is 

worthwhile. 

NPV = ∑
Bt−Ct

(1+r)t

T

t=1
       (16) 

The net present value (𝑁𝑃𝑉) is the current value of all project net benefits. Net benefits are 

simply the sum of benefits minus costs. The sum is discounted at the discount rate. 

Here in this case: 

BCR = ∑ [
Bt

(1+r)t

15

t=1
/

Ct

(1+r)t
]        (17) 

Again, 

NPV = ∑
Bt−Ct

(1+r)t

15

t=1
       (18) 

4.3.5. A GIS Analysis on Sediment Loading 

Understanding tipping points in the human-land interface is useful to delineate sediment 

transport along the river channel. There are several factors that contribute to sediment loading 

into the aquatic ecosystems: land-use/cover change, slope gradient, soil type, housing density, 

and rainfall (Rozario et al. 2011). A novel index, called “Ability to Produce Clean Water 

(APCW),” is introduced to measure erosion potential in the Bad River watershed. The APCW 
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model uses land-use/cover, elevation, housing density, and soil data. We compared APCW 

model estimates prior to BRWQ and after the BRWQ project are compared.  Data manipulation 

for the APCW model is as follows: 

NLCD land-use/cover data for 2001 and 2011 images were reclassified into three 

categories such as, natural, developed, and agricultural (Table 1). Digital elevation data (DEM) 

was used to derive slope and the resulting image was reclassified into four slope classes (i.e. 0%; 

1-5%, 6-10%, and >10%) using ArcGIS®10 (Nick, 2011). South Dakota housing density data 

between2000and2010wasobtainedfromthefollowing link 

(http://silvis.forest.wisc.edu/old/Library/HousingDataDownload.php?state=South%20Dakota&a

brev=SD) (Radeloff et al. 2005). The images were georeferenced and extracted by mask using 

the Bad River watershed boundary. Then the images were reclassified into three classes based on 

housing units per square kilometer such as 0, 0-2, and 2-4. 

NRCS soil survey data was obtained from http://datagateway.nrcs.usda.gov/ web portal. 

Soil data was spatially clipped using Bad River watershed boundary and then the data was 

converted to raster format. The image was reclassified based on drainage ability. For example, 

‘excessively drained’ soil was classified as value 1 due to its high drainage ability. In addition, 

‘moderately well drained’ and ‘well drained’ soils were given a value 2 (Nick, 2011).Weighted 

overlay analysis was performed to combine the reclassified images to develop index of ability to 

produce clean water (APCW). We used equal weights for each variable (i.e. land-use/cover, 

elevation, housing density, and soil data) to develop APCW because there is no reason to weight 

the ecological variables differently (Fernadez et al. 2003). 
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4.3.6. Model Verification 

The APCW model validation was done using sediment monitoring data of the USGS 

hydrologic benchmark sites. There were three sediment-monitoring sites, e.g. two sites from the 

lower Bad River and one site from the upper Bad River, located in the Bad River watershed. 

APCW values in each location were extracted using ‘extract multi values to points’ tool in 

ArcGIS.  Then characteristics of the USGS monitored sites were compared with APCW values 

to validate the model.    

Table 4.1. Reclassification of NLCD dataset into three categories based on sediment loads 

Original code  NLCD classification  Reclassification code  Reclassification cover 

type category and value 

[low (1); medium (3); 

high (5)] 

11 Open water No data 1 

41 Deciduous Natural 1 

42 Evergreen Natural 1 

43 Mixed Forest Natural 1 

52 Shrub/Scrub Natural 1 

90 Woody wetlands Natural 1 

95 Marsh wetlands Natural 1 

21 Developed-Open Developed 3 

22 Developed-Low Developed 3 

23 Developed-Medium Developed 3 

24 Developed-High Developed 3 

31 Barren Land Agricultural 5 

71 Grassland/Herbaceous Agricultural 5 

81 Pasture/Hay Agricultural 5 

82 Cultivated Crops Agricultural 5 

(Source: Nick, 2011) 

Mapping protected areas in this region is useful to oversee the gap area for conservation 

and to implement conservation program collaboration with landowners. Therefore, we mapped 

potential conservation areas under the EPA National Framework scenario prior to the BRWQ 

project and the federal and state conservation areas after the BRWQ project. We obtained EPA 

National Framework data from the data basin web portal 

(http://databasin.org/datasets/d0fc5db660524489a0f369e7c3d7e3f1) and protect area spatial data 
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from USGS National Gap Analysis Program (http://gapanalysis.usgs.gov/padus/). Protected 

areas within Bad River watershed was obtained from the National Gap Analysis program 

(http://gapanalysis.usgs.gov/padus/). 

4.4. Empirical Findings 

4.4.1. Economic Benefit Estimation Findings 

The assumed benefit of the BRWQ project examined is 15-years based on respondent 

survey results showing that the most BMP practices are still in effect after 10 to 20 years of 

implementation (Parvez et al. 2011b). In this study, the average annual sediment reduction 

discussed in scenarios I and II is assumed to occur for a 15-year period beginning in 2005, based 

on the average amount of sediment reduction measured in the post-BMP period from 2005 to 

2012. In other words, the estimated annual reduction in sediment measured from 2005 through 

2012 is assumed to continue for the entire 15-year benefit period of 2005 - 2019.  

In addition, we also calculated the net present value (NPV) and the rate of return from 

benefit to cost ratio to estimate the economic and environmental benefit of sediment reduction in 

the lower Bad River basin in the 15-year period. The rate of return equates the discounted value 

of future benefits to constant value of investment costs. So, the rate of return provides the 

necessary information regarding the15-year BRWQ project investment costs relative to benefits 

discounted to present value. 

The total benefit value is equal to water erosion benefit values per ton multiplied by the 

amount of sediment reduction in tons. There are two benefit scenarios depending on the three 

time period categories of average sediment discharge year data. 

 

 

http://gapanalysis.usgs.gov/padus/
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Scenario I:  

The first scenario depicts annual average amount of sediment reduction from the pre-BMP 

period (1972 – 1989) to the post-BMP period of 2005 – 2012. The annual average tons of 

sediment from the Bad River to Lake Sharpe were 1,709, 684 tons in the pre-BMP period 

compared to 1,091,327 tons in the post-BMP period. Thus, the average annual net reduction in 

sediment between the pre-BMP and post-BMP period was 618,357 tons.  

The average annual benefit is $1,318,222, which is equal to 618,357 tons multiplied by a 

benefit value of $2.13/ton (table 3). We take 15 years of average sediment reduction in tons for 

scenario I (15 years times 618,357 tons / year) for a total estimated sediment reduction of 

9,275,355 tons. The calculation for Total Benefit in Scenario I is equal to 9,275,355 tons × 

$2.13/ton which is equal to $19,773, 325.  The total benefit value of sediment reduction is 

$19,773,325 for an estimated cumulative sediment reduction of 9,275,355 tons in the Bad River 

basin.  

Total project cost (BMP only and related costs) during the project year (1990-2004) is 

$7,823,000 in constant (year 2000) dollars. A comparison of project costs values with benefit 

values indicates that benefit values exceed project related costs. It depicts that investment in 

BMPs in phase II and III has a positive effect on sediment reduction.  

Scenario II:  

The second scenario depicts the annual average amount of sediment reduction from the 

investment period (1990-2004) minus the post-BMP (2005-2012) period. The annual average 

tons of sediment from the Bad River into the Lake Sharpe were 1,913,972 tons in the investment 

period compared to post BMP 1,0913,27 tons. Thus, the average annual net reduction in 

sediment between investment period and post BMP was 822,645 tons.  
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The average annual benefit is $1,752, 233 which is equal to 822,645 tons multiplied by a 

benefit value of $2.13/ton (table 3). We take 15 years of average sediment reduction in tons for 

scenario II (15 years times 822,645tons / year) for a total estimated sediment reduction of 

12,339,675 tons. The calculation for Total Benefit in Scenario II is equal to 12, 339,675 tons × 

$2.13/ton, which is equal to $26,283,507. The total benefit value of sediment reduction is 

$26,305,883 for an estimated cumulative sediment reduction of 12,339,675 tons in the Bad River 

basin. 

Total project cost (BMP only and related costs) during the project year (1990-2004) is 

$7,823,000 in constant (year 2000) dollars. A comparison of project costs values with benefit 

values indicates that benefit values exceed project related costs. It depicts that investment in 

phase II and III has a positive effect on sediment reduction.  

For benefit estimation of conservation practices, we quantify the value by assuming year 

2000 as the base year. In relation to this, we also convert total project costs (BMPs and project 

related cost) in constant dollar (year 2000) terms. The comparative analysis of two scenarios of 

project benefit values for 15 years represents total revenue exceed project total cost. The rate of 

return equates the discounted value of future benefits to constant value of investment costs. The 

estimated rate of return equates sediment reduction benefits for a projected 15 year period 

beginning  in 2005 to BRWQ project costs incurred from 1990-2004. The key findings suggest 

that the benefit value of $19,773,325 in scenario I is greater than that of total project cost of 

$7,823,000. Also, the ratio of benefits to costs is 2.53 and the average annual rate of return is 

6.4% in case of scenario I during those 15 years. 

The benefit value of $26,305,883 in scenario II is higher than that of total project cost of 

$7,823,000. Furthermore, the ratio of benefits to cost in scenario II is 3.36 and the average 
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annual rate of return is 8.4% during the project life. As the benefit values of sediment discharge 

exceed the project cost from scenario I and scenario II reveal that the BRWQ project is 

worthwhile. Based on results from scenario I and II project benefits greatly exceed project costs. 

The ultimate beneficiaries for the project are landowners, ranchers, and policy makers, 

surrounding residents in Stanley, Jones, and Hughes Counties.  

4.4.2. Land-use Change between 2001 and 2011 

Land transformation towards agriculture at the Bad River watershed has primarily caused 

sediment flux to the aquatic ecosystem, such as Lake Sharpe.  

Table 4.2. Land-use/cover change between 2001 and 2011 in the Bad River watershed 

Land-use/cover type                       Lower Bad River                                                       Upper Bad River  

                       2001 Area (ha)     2011 Area (ha)   % change     2001 Area (ha)        2011 Area (ha)      % change  

Grassland/

Herbaceous  

345,246 (77%)  348,826 

(78%)  

1  319,115 (84%)  319,452 

(84%)  

0.1  

Cultivated 

Crops  

82,031 (18%)  76,510 (17%)  -7  41,011 (11%)  39,836 (10%)  -2.9  

Urban  9,059 (2%)  10,239 (2%)  13  7,713 (2%)  8,233 (2%)  6.7  

Wetland  4,921 (1%)  4,862 (1%)  -1  4,161 (1%)  4,668 (1%)  12.2  

Open water  3,373 (1%)  4,237 (1%)  26  2,181 (1%)  1,875  -14.0  

Pasture/ 

Hay  

1,545  1,504  -3  263  245  -6.8  

Forest  389  377  -3  486  486  0.1  

Shrubland  248  244  -2  135  266  96.0  

Barren 

Land  

21  35  62  6,720 (2%)  6,724 (2%)  0.1  

(Source: United States Geological Survey, NLCD Database) 
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Therefore, we analyze the land-use change in the lower Bad River (LBR) and the upper 

Bad River (UBR) watershed between 2001 and 2011 using NLCD images. The major land uses 

in the Bad River are grassland/herbaceous (77% - 84%) and croplands (10% - 18%). The change 

detection results show that barren lands increased by 62% in the LBR, while shrubland increased 

by 96% in the UBR. Forest cover deceased by 3% in the LBR, while it was increased by 0.1% in 

the UBR between 2001 and 2011. Wetland decreased by 1% in the LBR and it was increased by 

12% in the UBR. Pastures were decreased by 3% and 7% in the LBR and UBR respectively. In 

addition, cultivated lands were decreased by 7% in the LBR, whereas it was decreased by 3% in 

the UBR [Table2]. Grassland to agricultural crop transformation is the substantial land-use and 

land-cover change in the Bad River For example, one study reported that grass to corn/ soy 

conversion elevated 1.0-5.0% annually in South Dakota. This transformation causes a decrease 

of CRP enrollment resulted in barren lands in a long run (Wright &Wimberly, 2013). 

4.4.3. Ability to Produce Clean Water Index 

We developed a model, which corresponding to erosion potential of the Bad River 

watershed. The model shows the areas in a scale of erosion potential. For example, a ‘low’ value 

of the model indicates the high erosion potential, whereas the ‘high’ value signifies the low 

erosion or clean water. The model named as Ability to Produce Clean Water (APCW) (Fig. 3). 

The results showed that the lower regions of the watershed experiences high ability to produce 

clean water than the upper region. The major land-use type in the upper watershed region is 

agricultural lands, which resulted in high erosion potential hence less APCW.  

We compared APCW results with daily and discrete suspended-sediment data (average 

data from 2001 to 2011) of USGS benchmark monitored sites in the Bad River watershed (Fig. 

2). Results showed that UBR contributed 45% silk as suspended solids, whereas LBR1 and 
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LBR2 resulted in 38% and 35% silk contents respectively. Consequently, UBR site has 

accounted the least APCW value (16) compared to LBR1 (102) and LB2 (154). Therefore, our 

APCW model comparable with the USGS filed survey data (i.e. high silk content sites 

corresponds to low APCW). APCW scale ‘low’ means the high erosion potential whereas ‘high’  

 

Figure 4.2. Ability to produce clean water index at the Bad River watershed in South 

Dakota 
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signifies potential whereas ‘high’ signifies the low erosion potential. Three USGS hydrological 

benchmark locations within the Bad River watershed were used to validate APCW model. A 

large portion of the lower watershed regions considered as ecological hubs, where the areas 

conserving for biodiversity and functional ecological process (Figure 4.3.).   

 

Figure 4.3. Existing conservation lands (federal & state) in the Bad River watershed under 

EPA National Ecological Framework 
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Some lands in the upper Bad River watershed proposed as corridors for biodiversity 

conservation.  However, agricultural cropland in the upper watershed region within LBR is 

considered as the least conservation area for biodiversity (Figure 4.4.). 

4.4.4. Sedimentation Overview in Bad River Watershed 

 

Figure 4.4. Historic sediment discharge into the Bad River from 1972 to 2012 

(Source: United States Geological Survey, 2012) 

4.4.5. Benefit Estimation of Different Conservation Practices 

Table 4.3. Benefit value ($/ton) of 14 different conservation categories 

Benefit categories Average benefit value in Stanly and Jones counties 

($/ton) 

Dust cleaning 0.64 

Soil productivity 0.41 

Steam power plant 0.33 

Municipal water treatment 0.22 

Road drainage ditches 0.20 

Water-based recreation 0.14 

Flood damages 0.13 

Irrigation ditches and channels 0.12 

Municipal and industrial use 0.07 
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Table 4.3. Benefit value ($/ton) of 14 different conservation categories (continued) 
 

Benefit categories Average benefit value in Stanly and Jones counties 

($/ton) 

Reservoir services 0.05 

Navigation 0.01 

Marine fisheries 0 

Fresh water fisheries 0 

Marine recreational fishing 0 

Average  2.13 

 

(Source: Calculation adopted from Hansen and Ribaudo, 2008) 

4.5. Implication of Findings  

For benefit estimation of conservation practices, we quantify the value by assuming year 

2000 as the base year. In relation to this, we also convert total project costs (BMPs and project 

related cost) in constant dollar (year 2000) terms. The comparative analysis of two scenarios of 

project benefit values for 15 years represents total revenue exceed project total cost. The rate of 

return equates the discounted value of future benefits to constant value of investment costs. The 

estimated rate of return equates sediment reduction benefits for a projected 15 year period 

beginning  in 2005 to BRWQ project costs incurred from 1990-2004. The key findings suggest 

that the benefit value of $19,773,325 in scenario I is greater than that of total project cost of 

$7,823,000. Also, the ratio of benefits to costs is 2.53 and the average annual rate of return is 

6.4% in case of scenario I during those 15 years. 

The benefit value of $26,305,883 in scenario II is higher than that of total project cost of 

$7,823,000. Furthermore, the ratio of benefits to cost in scenario II is 3.36 and the average 

annual rate of return is 8.4% during the project life. As the benefit values of sediment discharge 
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exceed the project cost from scenario I and scenario II reveal that the BRWQ project is 

worthwhile.  

The percentage reduction of sediment in scenario II is 43% compared ton estimated 36% 

sediment reduction in scenario I. Clay et al. (2013) suggests a 38% reduction of sediment from 

pre-BMP period  of 1972-1994 through post-BMP period 1995-2011. To make a compatible 

estimate to Clay et al. (2013), we calculate our annual sediment reduction rate as 32% from pre-

BMP period 1972-1994 through post-BMP period 1995-2012. The overall range of sediment 

reduction from the Bad River to Lake Sharpe ranges from 32% to 43% with 36% to 38% as the 

most likely estimates. These results are consistent with the expected reduction of 30% to 40% 

reported in Thelen (2004). 

Another major findings suggest that the NPV value is greater than zero in both the 

scenarios. In scenario I, the NPV value is $4,714,132.14 with an average annual rate of return of 

6.4% during those 15 years. Also, the NPV value is $5,512,342.08 with an average annual rate of 

return of 8.4% during those 15 years in case of scenario II. As the NPV value is greater than one, 

we can refer the BRWQ project as a successful one. 

4.6. Conclusion  

The different phases of BRWQ projects primarily focused on adoption and continuation 

of different soil conservation practices to reduce sedimentation. Here, a majority of the BRWQ 

projects costs went for the adoption of BMPs on farms or ranches located in the Bad River basin. 

This project can be defined and categorized as a successful one according to the economic 

benefit and environmental conservation value. This 15 yearlong project (1990 through 2004) has 

significantly affected the environment of study area by providing various conservation benefits. 

The primary sources of fund for BRWQ projects are Federal fund, Environmental Protection 
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Agency section 319 funds, and landowner cash share. Benefit values in two scenarios provide 

economic and environmental benefit of sediment reduction compare with project cost expressed 

in constant dollar (2000). Benefit values which are greater than costs for BMPs suggest that the 

BRWQ project is economically worthwhile. The combination of both economic valuation 

(Benefit cost analysis) and environmental valuation (ability to produce clean water index) create 

a new way of looking at benefit calculation. The monetary value of benefit and the resultant 

image help convey the story to a broader population.  
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CHAPTER 5. GENERAL CONCLUSIONS AND FUTURE DIRECTION 

5.1. Conclusions and Future Direction 

This dissertation is composed of three essays about land conversion, crop acreage 

response, and conservation assessment issues. The first essay employs a seemingly unrelated 

tobit regression approach to better understand land allocation choices, and suggest policy that 

can enhance efficiency and maximize profits. Key findings indicate crop prices, econometric, 

biofuel and bio-physical environment as well as county location have statistically significant 

impact on land conversion of North Dakota. In other words, the long run land conversion trend 

interconnected with change in crop, oil, and ethanol prices, climate and renewable fuel policy 

mandates. We estimate that the biofuels policy mandates [both Energy Policy Act of 2005 and 

the Energy Independence and Security Act of 2007] would positively impact cropland area and 

negatively impact grassland, forest, and shrubland area. In a study area that includes 53 counties 

of North Dakota, we use an econometric model to estimate that cropland area increases by 

572,000 acres whereas grassland area decreases by 603,000 acres during from 2005 to 2015 due 

to change in crop prices, climate factors and biofuel policy mandates.  

This research findings open up a number of possible extensions and future research 

projects. We examined land conversion trends and its drivers at county level for the state of 

North Dakota. Future studies might examine land conversion trends by covering all the states of 

Northern Great Plains region due to similar biophysical environment. It would be worthwhile to 

see long run trends from a macro scale. The effects of biofuels on corn acreage expansion could 

be avoided if biofuel feedstocks can be grown in land that does not compete with crops. 
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The second essay focuses on crop acreage response due to crop prices, energy policies, 

climate and other socio-economic factors. Using an econometric approach to examine producers’ 

crop selection decision, we find the primary driving factors are crop & ethanol prices, farm & 

energy policies, soil moisture, and climate. In other words, the connection between renewable 

fuel policies, climate, future prices of major crops and its consequences on corn acreage 

expansion are examined. We find statistically significant effects of output prices of major crops, 

ethanol volume, biofuel policies on responsiveness of corn acreage at county level. We also 

estimated total area planted to corn increased by 1.2 million acres in North Dakota since 2007. 

We leave it to future research to include input price like fertilizer, seeds and technology 

effect in crop acreage discussion. The inclusion of input prices, technological advancement, and 

other socio-demographic drivers like farmers’ education, amount of assets would be worthwhile 

to examine crop acreage response. We estimated corn acreage response due to econometric, 

biophysical and biofuel drivers at county level of North Dakota. Future research might include 

multiple crops (corn, soybean, wheat, sunflower etc.) acreage response due to these drivers and 

on a broader context (Northern Great Plains area) too. 

The final essay estimates economic and environmental benefits due to adoption of 

conservation practices at the Bad River basin in west central South Dakota. This research 

employs an integrated framework (benefit cost analysis model & geo-spatial index) to quantify 

benefit due to adoption of best management practices at a watershed scale over a 15-year period. 

We estimated an average of $2.32 dollar (year = 2000) benefit due to per ton sediment reduction 

and total benefit ranges from $21.5 ml - $28.6 ml from 1995-2004. The total costs are estimated 

at $7.8ml during the same time period. Also, the ratio of benefits to costs ranges from 2.75 - 3.65 

(>1) and the average annual rate of return ranges from (6.4 - 8.4) % at the same time period.  
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We leave it to future research to develop a framework to examine the drivers or 

determinants of sediment flow and its direct impact on watershed. Also, the inclusion of another 

watershed scenario without conservation best management practices would be helpful to report a 

comparative analysis. This would definitely help see the effect of land conservation measures in 

the long run. Also, this would significantly expands the research to identify underlying causes of 

watershed sedimentation. Nevertheless, our estimation does show the importance of including 

both geographic and economic components to examine conservation practices impact as a form 

of sediment reduction at a micro scale. 
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