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The second essay uses a multinomial logit model to estimate a corn-
soybean price ratio in different acreage scenarios that are designed to ac-
commodate additional continuous corn production in the Upper Mississippi
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1 General Introduction

This dissertation consists of two different studies, both of which focus on
crop choice, the growth of corn production in the Corn Belt and surround-
ing areas, and local corn prices. The first essay develops a crop choice
model that incorporates local prices, proximity to ethanol production fa-
cilities, and crop acreage to understand the effect of ethanol-driven corn
demand on corn acreage and crop mix. The primary data set is drawn from
the Agricultural Resource Management Survey (ARMS) collected by the
Economic Research Service (ERS) and the National Agricultural Statistics
Service (NASS). The second essay draws on an Environmental Protection
Agency (EPA) report (Aqua Terra et al., 2008) that models corn production
for ethanol in the Upper Mississippi River Basin (UMRB) using the Soil
and Water Assessment Tool (SWAT), a watershed modeling tool. A multi-
nomial logit (ML) model is applied to a baseline acreage level and again to
different “scenarios” in order to examine how the corn-soybean price ratio
would need to change from the baseline in order to accommodate additional
movement of land into corn production. Both essays deal with biofuel de-
mand which is an important topic today, particularly in the face of climate
change, increasing food prices, and pressure to meet the Renewable Fuel
Standards (RFS).

This research uses ARMS data, which provide a complete picture of
actual farmers, including individual farms’ land usage, output, water, fer-
tilizer and pesticide use, household characteristics, and much more. The
first paper models crop choice by nesting corn and soybeans in a partially
degenerate nested logit (PDNL) model, which includes the local prices of
corn and soybeans and local ethanol capacity in the estimation, linking
these variables to actual farms from the ARMS datasets. This differs from
many crop choice studies that use National Resources Inventory data, or
created surveys that serve a particular purpose and have a smaller sample
size. The ARMS data is a sample of real world farmers, the choices that
they face, and the decisions that they make. Additionally, much of the
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research that employs flexible choice structures, namely nested logit mod-
els and partially degenerate nested logit models, focus on human capital,
healthcare, or transportation, however, these flexible structures can often
be applicable to modeling land-use choices as well. Occasionally crops may
be “substitutes” for one another (for example, corn and soybeans), in that
the growing conditions may be suitable for more than one crop. In this
case, a more flexible structure may provide valuable insight regarding crop
choice in a more realistic modeling fashion.

The second essay is also related to corn production, however, it ex-
amines the movement between similar land uses: corn-soybean, continuous
soybean, and continuous corn. In this essay, a ML model is utilized to es-
timate different corn and soybean prices that would encourage farmers to
grow the necessary acreages of corn in different scenarios that include corn
production in 2010, 2015, 2020, and 2022. Instead of focusing on the Corn
Belt and surrounding areas, the study area is narrowed to the UMRB. The
results in the EPA report (Aqua Terra et al., 2008) have the potential to
impact future policy decisions, however it is important to know whether
the scenario results presented could actually take place. In the EPA re-
port, SWAT uses the estimated crop acreages for each scenario to estimate
soil erosion and future flows of pesticides and fertilizers in the UMRB. In
order to create accurate policies it is important to know if farmers could
actually grow the amount of corn that SWAT predicts. In general, farmers
are unlikely to change their crop rotations unless there is an incentive for
them to do so. In this case, if the price of corn continued to increase, there
is potential that farmers would increase their corn plantings in response,
however, the question remains as to how high the price of corn would need
to be in order to reach the corn acreage needed to meet mandated ethanol
production. Estimation with a ML model allows one to examine the tran-
sition of land between similar crops, and to see how the price of corn would
need to change from the baseline in each scenario.
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2 The Effect of Ethanol-Driven Corn Demand on Crop
Choice
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2.1 Introduction

Since the late 1990’s, U.S. production of corn ethanol has risen rapidly,
likely as a response to the many policies that have been implemented that
support ethanol production. In response to high demand, driven in part
by rising ethanol production, corn production surged in 2007 when corn
plantings reached their highest level since 1944. A mix of climate change
concerns and energy independence has further fueled the demand for corn
ethanol.

Today, ethanol is the most widely used biofuel; it can be used as an
alternative fuel or a pollution-reducing additive to gasoline. In the United
States, 90% of ethanol is derived from corn (Dias De Oliveira et al., 2005)
through a fermentation and distillation process that converts starch to sugar
and then to alcohol. In recent years, ethanol has been touted as the solution
to energy independence and air pollution, however, the support for ethanol
has been years in the making.

Government support for ethanol was not established until The Energy
and Policy Act of 1978. As the conflict in the Middle East escalated,
oil prices increased, and environmental concerns regarding lead in gaso-
line spread, the U.S. government turned to ethanol as a potential solution.
The Energy Tax Act of 1978 provided a tax exemption to the $0.04 cents
per gallon federal fuel excise tax on gasoline for fuel blended with at least
10% ethanol. The case for ethanol increased in the 1990’s, particularly
with the 1990 Clean Air Act Amendments that acknowledged the contri-
bution of motor fuels to air pollution. The addition of ethanol to gasoline
reduces carbon monoxide and other tailpipe pollutants, resulting in cleaner
air. Over 99% of the ethanol produced in the U.S. is mixed with gasoline to
make E-10, gasoline containing 10% ethanol. Using E-85 (a blend of 85%
ethanol and 15% gasoline) can reduce carbon monoxide emissions and other
harmful toxins by an even greater amount than gasoline mixed with E-10.
It is also less volatile than gasoline and other low-volume ethanol blends,
resulting in fewer evaporative emissions.
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In addition, the last decade has introduced a new level of government
support for ethanol. The attacks on the World Trade Center and Pentagon
on September 11, 2001, raised concerns about vulnerabilities of the U.S.,
particularly the dependence on foreign oil. As the leading producer of corn,
the United States was set to transform corn into fuel and alleviate its oil
dependency. Additionally, the demand for lower emission fuels encouraged
the transition to biofuels. As the consequences of climate change were
more widely discussed, ethanol became a popular potential solution to the
reduction of greenhouse gases.

The Energy Policy Act of 2005 established the RFS that required the
use of 7.5 billion gallons of renewable fuel to be blended into gasoline by
2012. An excise tax exemption of $0.51 per gallon for 10% alcohol blended
gasoline was introduced, along with a 30% tax credit for installation of
alternative fueling stations. In 2005, four billion gallons of ethanol were
produced, a 150% increase in five years. In 2006, nearly five billion gallons
were produced, a 20% increase in just one year (Collins, 2006). By the end of
September 2006, there were 105 ethanol plants in the U.S. with a combined
production capacity of five billion gallons of ethanol. There were 42 new
plants under construction and seven plant expansions underway. A total of
three billion gallons of ethanol were to be added to production capacity. In
addition, there were over 300 proposals for additional ethanol plants which
would generate an additional 20 billion gallons of ethanol (Hart, 2006). The
RFS was updated in the Energy Independence and Security Act of 2007.
This legislation increased annual consumption quotas, extending the RFS to
15.2 billion gallons by 2012 and 36 billion gallons by 2022 (Renewable Fuels
Association, 2009). The timing of increased demand for lower emission
fuels and a need for energy independence has meshed well with (originally)
low corn prices, high gasoline prices, and increased technology to fuel the
demand for ethanol and the essential ingredient to ethanol production –
corn.

Though the benefits of ethanol production have been widely promoted,
there are still many concerns regarding the widespread and encouraged pro-
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duction and use of corn ethanol. Pimentel and Patzek (2005) have argued
against U.S. Department of Agriculture (USDA) reports regarding the ben-
efits of ethanol, and instead calculate that ethanol usage has an overall
negative effect on the environment. They suggest that studies concerning
the benefits of ethanol production are incomplete because they exclude en-
ergy inputs in the ethanol production system including direct costs in energy
and dollars for producing corn feedstock and in the fermentation/distillation
process, costs to the consumer for federal and state subsidies, and costs as-
sociated with environmental pollution. Many independent reports indicate
that, based on current ethanol production technologies and recent oil prices,
ethanol costs much more to produce in dollars than it is worth on the mar-
ket. Without federal and state subsidies, U.S. ethanol production would
drastically decrease, implying that ethanol production is not sustainable,
particularly in the long run.

The increased production of corn due to demand for ethanol is also likely
to result in serious environmental impacts. U.S. corn production causes
more total soil erosion than any other U.S. crop, eroding soil eighteen times
faster than it can be reformed (Patzek et al., 2005). Corn production also
uses more herbicides, insecticides, and nitrogen fertilizer than any other U.S.
crop, all of which contribute to increased water pollution. Groundwater
pollution is often attributed to the use of nitrogen fertilizer (Pimentel and
Patzek, 2005). These water quality problems will escalate with increased
corn production. Studies from Patzek et al. (2005) suggest that when one
analyzes energy inputs to corn production in the U.S., only 3.65 times more
energy can be gained from corn that was used to produce it. In the end,
about 2.66 gallons of ethanol are obtained from one bushel of corn.

Land and water pollution are not the only potential negative conse-
quences of ethanol production and use. Ethanol plants have been warned
to decrease air pollution emissions (Pimentel and Patzek, 2005) and there
is some evidence that use of ethanol in cars may lead to increased ambient
levels of air pollutants that are toxic and possibly carcinogenic (Dias De
Oliveira et al., 2005). Also, because of its corrosive properties, ethanol can-
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not be transported by existing U.S. pipelines; instead it must be transported
by truck or train creating additional greenhouse gases (Baker and Zahniser,
2006). Finally, many critics suggest that ethanol production is increasing
everyday costs for consumers. It is estimated that ethanol production is
adding more than $1 billion to the cost of beef production. About 70%
of corn grain is fed to livestock; as the demand for ethanol increases, corn
prices have also increased. These costs are expected to be passed along to
the consumer, leading to higher costs at grocery stores for dairy and meat
products (Pimentel and Patzek, 2005).

Research on ethanol production has concentrated on the determinants of
ethanol plant location, or the influence of ethanol plants on corn prices; very
little research has focused on the local implications of these price changes or
ethanol plant locations, including farmers’ responses to these local impacts.
Previous studies suggest that local “price islands” of relatively high corn
prices formed around ethanol plants in the Midwest (McNew and Griffith,
2005). If these results are correct in suggesting that local price island effects
exist, localized changes may occur and persist into the future. If farmers
respond to local prices and ethanol capacity by moving towards more corn-
intensive crop rotations, or bring more land into corn or soybeans, we could
begin to see more local and national environmental effects associated with
this change in crop mix. However, the question remains of how high prices
for corn need to be in order for farmers to plant the amount of corn neces-
sary to meet government mandates. Farmers respond to incentives, namely
prices, and if the incentives are not present, less land movement will oc-
cur. Additionally, if the price remains high enough, farmers may be likely
to move land from other crops into corn, compounding the environmental
problems that many agricultural areas are already experiencing, such as
the aforementioned problems of soil erosion, water pollution, and increased
levels of pesticides and fertilizers.

The main questions guiding this essay are: do local corn and soybean
prices induce producers to shift land from less intensive uses to a crop mix
that includes more corn? Additionally, can these localized changes persist
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into the future, even as corn prices have declined absolutely and in relation
to prices for soybeans and other crop commodities? In answering these ques-
tions, it is important to address how the growth of local ethanol capacity has
affected farmers’ cropping decisions, while accounting for the spatial effects
of ethanol capacity, and interaction with possible increased corn production,
over time. If possible, it is important to use data that accurately reflect
farmers, their businesses and households, and their management practices
and crop choice decisions. Due to confidentiality concerns, the ARMS data
are difficult to utilize in research outside of the USDA, however it is one of
the most comprehensive datasets regarding farm households and business
practices. It is possible that using the ARMS data in this research will pro-
vide more accurate and meaningful answers than simulated or small sample
data can provide.

Questions relating to crop mix are important because continuous corn,
corn-intensive crop rotations, and shifting land from less intensive uses, like
hay, into corn, can adversely affect the environment (Malcolm and Aillery,
2009). As discussed, continuous corn can mean higher levels of fertilizer
and pesticide application as producers lose the natural soil fertility and pest
control benefits of crop rotation, while land shifted from uncultivated crops
to corn may also be more erosion-prone than other cropland. Lubowski et
al. (2006) found that marginal cropland tends to be more erodible and more
susceptible to nutrient runoff than other cropland, while Wu et al. (2004)
examined how crop and tillage choices can affect nitrogen nutrient runoff in
the upper-Mississippi river basin. Feng et al. (2008) suggest that greenhouse
gas emissions increase overall when continuous corn is planted (relative to
a corn-soybean rotation), or if idle land is brought into production.

This study employs a partially degenerate nested logit model (Hunt,
2000; Hensher and Greene, 2002) that incorporates local prices, proximity
to ethanol production facilities, and crop mix to understand the effect of
ethanol-driven demand on corn acreage and crop mix. The data for this
research are from the Corn 2001 and 2005 ARMS and the Soybean 2002
and 2006 ARMS. The survey includes farm and field level information,



9

including household characteristics, farm crop information, and individual
field information, collected every four years from a large and varying sample
of corn and soybean farmers.

This essay is organized into seven sections. Section 2.2 presents some of
the research that has been completed surrounding the relationship between
ethanol plant locations, corn prices, and land use changes. The theory and
connections behind the ML, NL, and PDNL models are presented in Section
2.3, while Section 2.4 introduces the empirical strategy that is used in this
paper. Section 2.5 describes the data that are used in estimation, including
the particulars of the ARMS data and linkage of variables outside of ARMS.
Results of the empirical analysis are presented in Section 2.6, followed by
the conclusion in Section 2.7.

2.2 Literature Review

Several studies have examined the relationship between ethanol produc-
tion, corn production, and corn prices. The location of ethanol plants and
the factors that influence their placement have often been discussed, while
other research has focused on the influence of ethanol plants on corn prices.
It is important to draw from these previous studies when attempting to
accurately present farmers’ cropping decisions in an economic model.

Many researchers have examined the factors that determine the place-
ment of ethanol plants, including in Illinois counties (Low and Isserman,
2009), Iowa and neighboring counties (Eathington and Swenson, 2007), and
nation-wide (Sarmiento and Wilson, 2007). Low and Isserman (2009) find
that ethanol plants are most prominently located in rural areas due to the
easy access to inputs (corn, energy, and water) and byproduct users (live-
stock). Available infrastructure, such as roads and railroads, is also an
important factor in determining ethanol plant location. Given these con-
straints, the majority of ethanol plants have been located in the Midwest,
where corn is the predominant crop and there exists a steady supply.

The spatial distribution of existing ethanol plants, and thus the compe-
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tition for inputs, also appear to have an effect on where new ethanol plants
are going to be located. Not only will plants be competing with one another
for inputs (primarily corn), but they will also be competing against the ex-
isting uses for corn. Transportation costs, infrastructure, and the ability of
the land to produce corn, are also cited as important factors in determining
plant location (Eathington and Swenson, 2007).

Sarmiento and Wilson (2007) suggest that ethanol plant location de-
cisions are based on agricultural characteristics of a county, competition,
and state-level subsidies. Counties that have more acres of corn, fewer
competing crops, and larger cattle inventories have a positive effect on a
plant locating in that county. Similarly, the amount of corn grown within a
county, and in surrounding counties, has a positive impact on ethanol plant
location decisions. The authors also find that competition among ethanol
plants decreases the probability of an ethanol plant locating in a particular
area, but the impact on the location decision decreases as the distance be-
tween competing plants increases. Finally, state-level subsidies encourage
ethanol plant location in particular counties, however, the authors do not
indicate which of the factors (corn production, competition, etc.) dominate
the decision making regarding ethanol plant location.

In summary, research suggests that ethanol plants are located where
corn is the predominant crop and there is little competition from other
ethanol plants or competing uses, for inputs into ethanol production. It is
possible that farmers located near an ethanol plant that have previously
grown corn will switch to continuous corn, or adjust their crop rotations to
include more corn in their crop mix. While the location of corn seems to
be a deciding factor in where to locate ethanol plants, little research has
been done that studies whether the presence of an ethanol plant encourages
farmers to adjust their crop mix to accommodate more corn, in addition to
the corn that was already planned. If the returns from a nearby ethanol
plant are profitable, farmers may have an incentive to grow more corn.

Other research has focused on the influence of ethanol plants on corn
prices. McNew and Griffith (2005) suggest that even before 2007, “islands”
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of relatively high corn prices formed around ethanol plants in the Mid-
west. The authors develop a model that illustrates the spatial impact on
regional prices and changing trade patterns from the introduction of an
ethanol plant. An agents-on-links spatial equilibrium model is introduced,
assuming that production occurs along a line segment with a single de-
mand center, or market, and producers receive a net price that is adjusted
for transportation costs. When an ethanol plant is introduced, a new de-
mand center is introduced to the market and can disrupt shipping patterns
of producers. At some point along the line segment, producers will ship
corn to the ethanol plant instead of the original terminal market. As a
result of these changing trade patterns, corn prices are going to increase
for producers who ship to the terminal market because of the decreased
supply of corn, and for those who ship to the ethanol plant, due to the
lower transportation cost; however, there will be spatial variations in price
as producers move further away from the demand centers.

McNew and Griffith (2005) choose to use the basis values of cash prices
(collected from the Cash Grain Bids Data Service), where basis values are
defined as the local cash price less the futures price. They argue that the
basis is more likely to be influenced by local supply and demand condi-
tions, as well as transportation costs, in contrast to the cash price, which
is influenced by all of these, along with national and global shocks. To
incorporate spatial variation in the basis, a model is estimated that utilizes
the distance in the basis in a particular market from each plant, including
a second-order quadratic expansion and the Euclidian distance, where the
Euclidian distance is attempting to capture the influence of the size of the
ethanol plant. The model is estimated using maximum likelihood methods.

For the twelve plant regions that were examined in the years 2001–2002
(the authors retrieved plant data from the Renewable Fuels Association),
all showed higher corn prices after the plant opened; however impacts at the
plant site were greater than the regional impacts, suggesting that the price
increase is spatially concentrated around the ethanol plant. The authors
estimate that price impacts were usually concentrated around an ethanol
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plant and ranged between $0.046 and $0.196 cents per bushel, with an
average price increase of $0.125 cents at the plant site. Corn prices were
also affected up to an estimated 68 miles from the plant. The research from
this paper does not address whether these price impacts will persist over
time.

Katchova (2009) however, suggests that ethanol biorefineries have not
had a significant effect on raising local corn prices beyond what is experi-
enced at the national level. The author utilizes the difference-in-difference
approach to capture the interaction of time and space after controlling for
differences over time and across locations. The model estimates differences
in corn prices at two time points (2006–2007) for treated observations, which
include prices for corn contracts near ethanol biorefineries, and for the con-
trol observations, those that are farther away from the biorefineries, and
then compares the differences between the two groups. Prices are given as
cash corn prices received by farmers for their marketing contracts as listed
in ARMS. The two groups are clustered using either county or zip code
information - a farm is considered close to an ethanol plant if one is located
in the same county or zip code (depending on the cluster). The results sug-
gest that while real corn prices have risen over the last few years, farmers
located near ethanol plants have not received any higher price premiums as
a result of being near a biorefinery. The author suggests that the long-term
adjustments of corn production has likely eliminated any price premiums
that are resulting from proximity to ethanol plants.

McNew and Griffith (2005) and Katchova (2009) have different conclu-
sions regarding whether the presence of an ethanol plant influences local
prices. The different prices that are used in estimation may reflect their
differing outcomes. Also, Katchova (2009) does not specify whether the
biorefineries are strictly for ethanol production or if they include biodiesel
or biomass production. This paper employs ideas from both McNew and
Griffith (2005) and Katchova (2009) by focusing on plants that produce
corn-based ethanol, and using corn and soybean cash prices in estimation.

Du et al. (2008) investigate how cash rents on non-cropped farmland
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respond to corn and soybean prices. Based in Iowa, this study uses survey
data collected by Iowa State University Extension from 1995–2008, while
price expectations for corn and soybeans are based on the harvest-time
futures contract traded on the Chicago Board of Trade. The authors suggest
that higher corn prices resulting from increased biofuel demand, induce land
use conversion from non-cropped land to corn production, and that cash
rental prices for non-cropped farmland increase. Other factors that may
influence cash rental rates for non-cropped farmland include population
density, soil quality, and the proportion of non-cropped farmland. This
study supports the premise that farmers respond to prices, however, the
paper only includes Iowa, and focuses on movement of non-cropped land to
cropped land. There is no discussion as to whether farmers may adjust their
current cropping patterns. Also, this is not a model of choice, rather it is set
up as a panel data regression model to examine how different variables affect
the cash rental rates of non-cropped land. This essay expands the idea of
cropland movement to the entire midwest, particularly the Corn Belt, and
other surrounding states, along with allowing land use to vary between
crops, rather than limiting land usage from non-cropped to cropped.

While previous research suggests that ethanol plants are located where
corn production is ample, the relationship may also move in the other di-
rection; the presence of an ethanol plant may encourage farmers to grow
more corn. These papers are an encouragement to further investigate the
relationship between corn and ethanol plants, and more importantly, the
impact of local corn and soybean prices on farmers’ cropping decisions.
Given that previous research does not examine the actual decision-making
that takes place at the farm level, a model that incorporates different crop
choices needs to be utilized to examine the impact of prices and ethanol
plants on cropping patterns. Multinomial logit models have typically been
used in modeling unordered choices, however, due to the similarity of dif-
ferent crop choices, in particular that corn and soybeans tend to be rotated
from year to year, a partially degenerate nested logit model is used to ac-
curately represent the decisions that take place. The use of localized price
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data for corn and soybeans and localized ethanol capacity, along with a rich
survey data set, may provide additional insight regarding the effect of the
early-2000 ethanol boom on local land use.

2.3 Modeling Crop Choice

The partially degenerate nested logit model branches from the multinomial
logit (ML) and the nested logit (NL) model. To understand the structure
in the partially degenerate nested logit model, it is essential that the theory
behind the ML and NL models are understood.

2.3.1 Multinomial Logit Model

Consider an individual i facing J alternatives. This individual chooses
among J alternatives to maximize his utility, which consists of an observable
component and an additive unobservable component

Uij = z′ijθ + εij (1)

where εij is the unobservable component, z′ij = [xij,wi] and θ = [β′, α′]′.
xij is a vector that contains the attributes of the choices, and varies across
choices and possibly individuals; wi are the characteristics of individuals,
and are the same for all choices. If Uij is the maximum among the J utilities,
then Prob(Uij > Uik) for all k 6= j. Suppose Yi is a random variable that
indicates the choice made. If the error terms are independently distributed
and follow a type 1 extreme value distribution, then

Prob(Yi = j) =
exp(z′ijθ)
J∑
j=1

exp(z′ijθ)

, (2)

often referred to as the conditional logit model. Given the above informa-
tion, the conditional logit model in equation (2) can be rewritten as
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Pij =
exp(x′ijβ)
J∑
j=1

exp(x′ijβ)

, (3)

because the characteristics of the individuals fall out of the probability.
If the model has data that is individual specific, rather than varying

across alternatives, the structure of the model changes slightly:

Prob(Yi = j|wi) =
exp(w′iαj)
J∑
j=0

exp(w′iαj)

, (4)

with normalization occurring where α0 = 0. This model is often referred to
as the multinomial logit model and can be viewed in Figure 1. Following
normalization, equation (4) can be rewritten as

Pij =
exp(w′iαj)

1 +
J∑
k=1

exp(w′iαk)

, j = 0, 1, ...J, α0 = 0. (5)

Figure 1: Multinomial Logit Model

The conditional logit model, equation (3), and the multinomial logit model,
equation (5), are essentially the same in set-up; however, care must be taken
in interpreting the parameters in these different decision-making models
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(Greene, 2008). Rather than examining the coefficients independently, of-
ten researchers prefer to report marginal effects and elasticities, as is done
in this essay. It is also important to understand the structure of these
models because they are used in developing the nested logit, discussed in
the following section, and the partially degenerate nested logit, the primary
model for this research.

2.3.2 Nested Logit Model

The ML model has a restriction, often referred to as the independence of
irrelevant alternatives (IIA), which follows from the the initial assumption
that the error terms are independent and homoskedastic. The IIA assump-
tion implies that the probability of choosing option A from a three choice
set (A, B, C) will not affect the ratio of the probabilities of choosing B
or C. If the probabilities of choosing A or B tend to vary together across
individuals, however, error terms are correlated and IIA is violated. This
violation provides justification for moving to a NL model to estimate model
parameters. For ease in future notation, equation (1) is rewritten as

Uij = Uij(xij) + εij (6)

where Uij is the observable component and εij is the unobservable compo-
nent.

In the NL model, the j alternatives are organized in clusters according
to their similarity. The clusters are assumed to represent the substitutabil-
ity of the choices within consumer preferences. Each cluster, or upper-level
partition, is indexed by m=1. . .M, with an alternative in cluster m indexed
by mj. The unobservables, εij, are assumed to be nonindependent, identi-
cally distributed Gumbel random variables. The non-independence relates
to the nesting structure. The NL model assumes that the unobserved com-
ponents at any given level and across levels are independently distributed,
however, a positive correlation does occur among unobservable components
that share an upper level. Hunt (2000) provides a clear example of this cor-
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Figure 2: Nested Logit Model

relation structure. Consider the choice structure in Figure 2. Given that
one individual will be making this choice, the i notation can be dropped.
An individual’s utility can be broken down into the utility associated with
the upper level, and the utility associated with the lower level branch 11,
conditional on the upper level:

U11 = (U1 + v1) + (U11 + v11), ε11 = v1 + v11. (7)

Similarly, the utility associated with the lower level branch 12 can be written
as:

U12 = (U1 + v1) + (U12 + v12), ε12 = v1 + v12. (8)

Note that both of these choices have a common part of the utility function
drawn from the upper level (U1 + v1), while the rest of the utility function
is specific to that choice. The same similarity can be drawn between the
other nested choices. The unobserved component of these utility functions
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is found in εmj, and the NL model assumes:

Cov(vm, vn) = 0 m,n = 1, 2;

Cov(vmj, vmk) = 0 m = 1, 2 and j, k = 1, 2;

Cov(vnj, vnk) = 0 n = 1, 2 and j, k = 1, 2;

Cov(vmj, vnk) = 0 m,n = 1, 2 and j, k = 1, 2, m 6= n andj 6= k;

Cov(vm, vnk) = 0 m,n = 1, 2 and j, k = 1, 2.

The positive correlation among components that share an upper level can
also be demonstrated:

E[εmjεnk] = E[(vm + vmj)(vn + vnk)]

= E(vmvn) + E(vmvnk) + E(vmjvn) + E(vmjvnk)

= V ar(vm) if m = n

= 0 otherwise.

In the ML model structure, none of the choices share utility components,
thus the εj are independent. The NL differs from the ML due to the presence
of shared utility components within each nest (Hunt, 2000).

It is easy to get lost in the notation when examining the NL model. The
rest of this section will spell out the marginal choice probabilities, which
are associated with the upper level, and the conditional choice probabilities,
which are associated with the lower level. Following the previous notation,
the upper level choices are indexed with m and n, while the lower level
choices are indexed with j and k. The lower level alternatives that share
an upper level can be denoted as sets, Bm or Bn, where the overall choice
set B is composed of Bm and Bn.

A partition specific scale parameter µm is associated with the lowest
level of the tree. Each alternative within the mth group will have scale pa-
rameter µmj. However, due to the scaling normalization used in this model
(discussed further below), estimation requires that each alternative within
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a nest have the same scale parameter; thus the distinction by j is mean-
ingless. The parameter λm, associated with the upper level, incorporates
upper and lower level unobservables, and can vary by partition. For con-
venience in notation, assume common scale parameters across partitions,
i.e. µm = µn = µ and λm = λn = λ. The inclusive value (IV) parameters
associated with the upper level involve the ratio of (λ/µ), while the inclusive
values are defined as

IVm = ln
∑
j∈Bm

exp (µUmj) . (9)

In other words, the IV variable in the upper level is calculated from the
natural logarithm of the sum of the exponentials of the Uij expressions at
the lower level (Hensher and Greene, 2002). The estimated IV parameter
value, found in the upper level, should fall between zero and one. If the
correlation between nested alternatives is zero (and thus the IV parameter
is one) a ML model can be used because the alternatives share no common
utility components. If the IV parameter is greater than one, it is likely that
there exist similarities or correlations among alternatives within different
partitions, and the model specification should be re-examined.

It is important to note that only the ratio of the scale parameters (λ/µ) is
identified (Ben-Akiva and Lerman, 1985), thus some normalization is nec-
essary by setting either λ or µ equal to one, while estimating the other scale
parameter. The literature is unclear as to the importance of choosing one
normalization over the other; both of the normalizations will yield the same
full information maximum likelihood (FIML) estimates if the scaling param-
eters are set equal across partitions. In this research, the IV parameter is
normalized by setting µ = 1, also referred to as Random Utility Model 1
(RU1). If the scaling parameters are not set equal across all partitions, then
the FIML estimates will not be invariant between normalizations without
additional dummy nodes and links (Hunt, 2000). Thus when normalizing
with µ = 1, λ is also restricted such that λm = λn = λ.

With the above restrictions, the probabilities for the upper level parti-
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tions can be written as

Pm =
exp (λ (Um + (1/µ) IVm))∑
∀n

exp (λ (Un + (1/µ) IVn))
(10)

=
exp (λUm + (λ/µ) IVm)∑
∀n

exp (λUn + (λ/µ) IVn)
(11)

=
exp (λUm + λIVm)∑
∀n

exp (λUn + λIVn)
∀m,n ∈ B. (12)

The choice probabilities for the elemental alternatives can be written as

Pj|m =
exp (µUmj)∑

∀k∈Bm

exp (µUmk)
(13)

=
exp (Umj)∑

∀k∈Bm

exp (Umk)
. (14)

The inclusive value variables can be defined as

IVm = ln
∑
j∈Bm

exp (Umj) . (15)

2.3.3 Partially Degenerate Nested Logit Model

This research employs a partially degenerate nested logit model (PDNL)
in estimation (see Figure 3), a hybrid of the ML and NL model structures;
thus the marginal and conditional probabilities for the degenerate branches
also need to be explicit. The PDNL model is chosen due to the choice op-
tions that are presented more fully in the following sections: corn, soybeans,
wheat, and other crops. Corn and soybeans are likely to be correlated, thus
nesting these choices allows one to avoid violation of IIA. Wheat and other
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Figure 3: Partially Degenerate Nested Logit Model

crops, however, will not be nested, so they will each be a degenerate branch.
Referring back to theory, if alternative j is the only option in the set Bm,
the conditional choice probability for a degenerate branch is equal to one,

Pj|m =
exp (Umj)∑

∀k∈Bm

exp (Umk)
=

exp (Umj)

exp (Umj)
= 1 (16)

while the IV variable is reduced to

IVm = ln
∑
j∈Bm

exp (Umj) = Umj. (17)

Thus, the marginal choice probability for the degenerate branch can be
rewritten as
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Pm =
exp (λ (Um + IVm))∑

∀n∈B
exp (λ (Un + IVn))

. (18)

Combining equation (17) and equation (18) simplifies it to

Pm =
exp (λ (Um + Umj))∑

∀n∈B
exp (λ (Un + IVn))

. (19)

The joint probability P (m, j), equals the product of the marginal choice
probability P (m) and the conditional probability P (j|m):

Pm,j = Pm ∗ Pj|m. (20)

2.3.4 Literature Review of Differing Choice Structures

Leading articles on crop choice and land use change have typically employed
the ML model in estimation. Wu and Babcock (1998) use a ML model to
represent the choice of alternative crop management plans on cropland in
the Central Nebraska Basin from 1989 to 1991. The results from the ML
estimation are then used to estimate the effects of adopting different com-
binations of conservation practices on fertilizer use, corn yield, and soil
erosion. The authors’ results indicate that adoption of crop rotation, con-
servation tillage, and/or soil nitrogen testing can reduce nitrogen fertilizer
rates and soil erosion.

Wu et al. (2004) use a ML model to examine farmers’ decisions of crop
choice and tillage practice every five years from 1982 to 1997, in the Up-
per Mississippi River Basin. The data is drawn from different sources, all
of which are linked to National Resources Inventory points. In the study
region, farmers typically plant corn, soybeans, or hay, and can choose con-
ventional or conservation tillage. The results of the ML model were as
expected. For example, increases in own profit increase the probability of
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choosing that crop, and selection of a crop at a site was influenced by the
previous year’s crop. However, the authors find that crop choice in the
study region to be relatively unresponsive to changes in the price variables.
This lack of response is attributed to agronomic constraints and the lack of
variability in the study region. Additionally, the results suggest that farm-
ers are more likely to grow either a mix of corn and soybeans or continuous
corn, while continuous soybeans is not widely practiced in the region.

Flexible choice structures have often been used to model household mi-
gration and healthcare. A two-tiered NL model of residential mobility and
location choice is presented by Lee and Waddell (2010), using data from the
central Puget Sound region. In truth, the model is a PDNL with a single
degenerate branch, while location alternatives are nested under the second
branch. The authors proceed with FIML estimation and are able to account
for the interdependent nature of the housing process, particularly residen-
tial mobility and location choice. Mueller and Hunt (2006) present a similar
migration model that focuses on the migration with and between Canada
and the United States. Brau and Bruni (2008) utilize a PDNL model to
examine the demand for long-term care insurance prospects in the Italian
region Emilia-Romagna. The degenerate branch of the model allows the au-
thors to model the ‘opting out’ option, which they suggest is disregarded in
most health economics literature. As discussed above, crop choice decisions
are typically modeled using a ML model; the following section introduces
land use decisions as a PDNL model with FIML estimation.

2.4 Empirical Strategy to Model Crop Choice

Section 2.4 lays out the groundwork that is used to estimate the PDNL
model using the ARMS data. The nesting structure is specified, along with
explicit calculations of the marginal effects and elasticities. The section con-
cludes with a description of variables that may impact a farmer’s decisions
regarding crop choices, and is used in the model estimation.
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2.4.1 The Partially Degenerate Nested Logit Model

In this research, the PDNL model considers four alternatives: corn, soy-
beans, wheat, and "other" crops that include hay, oats, barley, and a num-
ber of other, less frequently grown crops. Three partitions are specified: (1)
corn-soybeans, (2) wheat, and (3) other crops, where m=cnsb for the corn-
soybean group, m=wheat for wheat, and m=other for other crops. The
branches under corn-soybeans are denoted j=cn for the choice of corn, or
j=sb for the choice of soybeans; the degenerate partitions have only one
branch under each partition: for m=wheat, j=wh, and for m=other, j=oth.
Figure 4 provides a visual representation of this model set-up. Corn and
soybeans are nested because these two crops are often grown in rotation
with one another and on the same type of land. It is likely that the error
terms associated with these choices are correlated, thus nesting them in this
manner avoids violation of IIA. The results of a Hausman specification test
are presented in Section 2.6.1.

Figure 4: Crop Choice Partially Degenerate Nested Logit Model

Directly applying the probability formulas from the previous section, the
probability of choosing corn, conditional on the choice of the corn-soybean



25

group is:

Pcn|cnsb =
eUcn

eUcn + eUsb
. (21)

The conditional probability of choosing soybeans is similar. Using these
probabilities, a binomial logit model of the choice between corn and soy-
beans, conditional on the fact that either corn or soybeans will be selected,
can be specified. In estimating the lower level, I normalize on the choice of
soybeans, thus the probabilities of the lower level become:

Pcn|cnsb =
eUcn

1 + eUcn
(22)

Psb|cnsb =
1

1 + eUcn
. (23)

The inclusive value representing the corn-soybean group in the crop model
is

IVcnsb = ln
(
eUcn + eUsb

)
= ln

(
1 + eUcn

)
. (24)

Because wheat and other are degenerate branches, their conditional proba-
bilities are equal to one:

Pwh|wheat =
eUwh

eUwh
= 1 (25)

Poth|other =
eUoth

eUoth
= 1. (26)

The upper level probabilities for wheat and other need careful examination
because the degenerate branches with the choices of j=wh or j=oth, do not
have upper level utility functions; thus λwheat = λother = 1. The marginal
probability for m = wheat can then be written as

Pwheat =
eIVwheat

eλ(Ucnsb+IVcnsb) + eIVwheat + eIVother

=
eUwh

eλ(Ucnsb+IVcnsb) + eUwh + eUoth
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In estimating the upper level probabilities, I normalize on the other crop
group. Given this normalization, the IV variable for the other crop partition
becomes IVother = Uoth = 0. The upper level probabilities can be rewritten
as:

Pwheat =
eUwh

eλ(Ucnsb+IVcnsb) + eUwh + 1
(27)

Pother =
1

eλ(Ucnsb+IVcnsb) + eUwh + 1
(28)

Pcnsb =
eλ(Ucnsb+IVcnsb)

eλ(Ucnsb+IVcnsb) + eUwh + 1
. (29)

2.4.2 Marginal Effects and Elasticities

Because parameters in this model are not directly interpretable, I calculate
the marginal effects and elasticities of the ratio of probabilities of choices,
with respect to a particular variable of interest. Marginal effects are com-
puted as the derivative of the ratio of the two probabilities with respect
to a particular variable of interest. Recall equations (22) and (23). There
are only two variables in the corn and soybean utility functions, the corn-
soybean price ratio and previous year corn and soybean crop acreages; this
will be discussed further in the next section. These variables do not in-
teract in the lower level of the model, thus the marginal effects (ME) and
elasticities (E) of the nested partition can be calculated as:

ME =
∂ (Pcn|cnsb/Psb|cnsb)

∂xcn

=
∂eUcn

∂xcn
= βxcn ∗ eUcn

= βxcn ∗ (Pcn|cnsb/Psb|cnsb) (30)
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E =
∂ (Pcn|cnsb/Psb|cnsb)

∂xcn
∗ xcn

(Pcn|cnsb/Psb|cnsb)

= βxcn ∗ xcn, (31)

where xcn is the corn-soybean price ratio or previous year corn acreages.
For the upper level partitions, I examine the ratio of probabilities of the
corn-soybean and wheat groups to the other crop group. Using equations
(24), (27), (28), and (29), I can calculate the marginal effects and elastic-
ities. Because there are some interactions between variables in the upper
level utility functions, the marginal effects and elasticities are calculated
differently depending on which variable of interest is being examined. For
the corn-soybean group (the only nested upper level partition), and assum-
ing the variable of interest does not interact with any other variables in the
utility function, the marginal effects and elasticities can be calculated as

ME =
∂ (Pcnsb/Pother)

∂xcnsb

=
∂eλ(Ucnsb+IVcnsb)

∂xcnsb
= λ ∗ βxcnsb

∗ eλ(Ucnsb+IVcnsb)

= λ ∗ βxcnsb
∗ (Pcnsb/Pother) (32)

E =
∂ (Pcnsb/Pother)

∂xcnsb
∗ xcnsb

(Pcnsb/Pother)

= λ ∗ βxcnsb
∗ xcnsb. (33)

The marginal effects and elasticities for the wheat to other crop ratio, as-
suming that the variable of interest is not included as part of an interaction
term, can be calculated similarly:

ME = βxwheat
∗ (Pwheat/Pother) (34)

E = βxwheat
∗ xwheat. (35)
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The marginal effects and elasticities in the upper level change slightly
when the variable of interest is interacted with another variable. For nota-
tion, suppose xm, with m = cnsb or m = wheat, is the variable of interest,
and the variable that xm interacts with is noted as xI . In this case, the
marginal effects and elasticities for the corn-soybean group, relative to the
other crop group, can be calculated as

ME =
∂ (Pcnsb/Pother)

∂xcnsb

=
∂eλ(Ucnsb+IVcnsb)

∂xcnsb
= λ ∗ (βxcnsb

+ βxI
xI) ∗ eλ(Ucnsb+IVcnsb)

= λ ∗ (βxcnsb
+ βxI

xI) ∗ (Pcnsb/Pother) (36)

E =
∂ (Pcnsb/Pother)

∂xcnsb
∗ xcnsb

(Pcnsb/Pother)

= λ ∗ (βxcnsb
+ βxI

xI) ∗ xcnsb. (37)

The marginal effects and elasticities for the ratio of wheat to the other
crop group, when the variable of interest interacts with another variable, is
calculated similarly:

ME = (βxwheat
+ βxI

xI) ∗ (Pwheat/Pother) (38)

E = (βxwheat
+ βxI

xI) ∗ xwheat. (39)

In estimating the model parameter values, I use a package in NLOGIT (an
extension of LimDep). However, due to the complexity of the data and
specialization of the jackknife (discussed in the next section), I program my
own standard errors, marginal effects and elasticities.
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2.4.3 Determinants of Farmers’ Crop Choice Decisions

Operator characteristics capture individual factors that may impact a farm-
ers’ decision making; in this model, operator occupation, is included to pro-
vide information about the decision maker. A highly erodible land indicator
and a localized soil productivity index indicate how well a particular crop
may fare in a given environment. Additional variables that are likely to
influence a farmer’s crop choice decision have also been included in this
model. A livestock variable captures on-farm demand for feed crops; live-
stock producers may be more inclined to grow corn because it is needed for
feed. Ethanol capacity seems to be intrinsically linked to corn and soybean
prices (McNew and Griffith, 2005); as discussed in Section 2.2, there is a
positive relationship between the location of ethanol plants and the pre-
dominance of corn and soybean crops. Crop prices may encourage farmers
to adjust their cropping rotations, thus local corn and soybean prices, state
wheat prices, and an other crop index are included in the model to capture
these price effects. Because farmers typically have a plan for their fields, it
is possible that what a farmer planted in the previous year, may impact his
planting decision in the following year (Wu et al., 2004); previous year crop
ratios are included in the model to account for this influence. This variable
may also help capture the growth of corn over time, potentially in response
to the growth of ethanol capacity; thus, interaction terms, composed of the
ethanol capacity index and the differing acreage ratios, are also included in
the model.

2.5 Data

Many different data sources were compiled to create the data set for this
research. Section 2.5 describes the different sources and what they con-
tributed to the data set. Some variables in the model were constructed
using raw data from these sources; descriptions of the created variables
are in Section 2.5.7. Table 2 follows Section 2.5.7 and provides descriptive
statistics for the crop choices examined in the model and the variables used
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in estimation.

2.5.1 Agricultural Resource Management Survey

The primary data set is comprised of the 2001 and 2005 Agricultural Re-
source Management Survey (ARMS) of corn producers, and the 2002 and
2006 ARMS of soybean producers. ARMS is a multi-phase, multi-frame,
stratified, probability-weighted sampling design; in general terms, it is a
series of surveys designed to provide information on farm inputs, practices,
costs, and financial conditions. Phase I is a screening survey to verify that
farmers are producing the commodities selected to be surveyed that year.
Phase II consists of randomly selected operating farms from Phase I. It is a
series of commodity surveys conducted to obtain data on production inputs,
practices, and cost for producing specific crops; this is generally field-level
data. The Phase III survey is designed to represent all U.S. farms, and
focuses on farm operation characteristics, expenditures, and receipts. It is
a nationally representative sample of farmers that are interviewed to obtain
information on their costs and returns during the reference year. Farm-
ers that participated in Phase II are also contacted. This research only
uses observations (or farmers) that were in both Phase II and Phase III.
The ARMS observations are drawn from the traditional Corn Belt (Iowa,
Illinois, Indiana, Nebraska, Kansas, Minnesota, Michigan, Missouri, South
Dakota, Wisconsin, Ohio, and Kentucky) along with other states including
North Carolina and North Dakota, as can be seen in Figure 5.

The ARMS farm level data is used to construct the choices in both
levels of the model: a proportion of corn or soybeans harvested (from total
corn and soybean harvest) in the lower level, and a proportion of corn or
soybeans, wheat, or other crop harvested (out of the summation of these
crops harvested) in the upper level. The "other" crop category consists of
cotton, sorghum for grain or silage, barley, oats, alfalfa and other hay, and
sugar beets.

Operator occupation (1=farmer/rancher, 0=other) and the relative im-
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Figure 5: States Included in Estimation

portance of livestock to a particular farm are also taken from ARMS. The
livestock variable is created using information on livestock sales, net change
in value of livestock inventory, and gross farm income. A binary variable
that indicates whether a single field on the farm that is planted in corn
(or soybeans) in a given year, has been classified as highly erodible land, is
also included (1=highly erodible, 0=otherwise); this variable then acts as a
proxy for the full farm.

2.5.2 Weights and the Delete-A-Group Jackknife

Due to the complexity of the ARMS sampling methods, there can be dif-
ficulties in estimating the efficiency of summary statistics. Care must be
taken when calculating the variance, standard errors, and significance of
the parameter estimates. Because of the complexity of the sample design,
each observation has a different weight, or expansion factor, to reflect its
probability of selection, and therefore what part of the sampled universe it
should represent. In the ARMS data,
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. . . each observation represents itself and many other farms through
a weight or expansion factor. The concept is that the weighted
estimate should be equivalent to a non-weighted estimate, with
each observation repeated the number of times indicated by its
weight (Dubman, 2000).

Multi-phase sampling, such as with ARMS data, can place barriers on the
development of classical variance formulas. To overcome these barriers, the
National Agricultural Statistics Service (NASS) and Economic Research
Service (ERS) created a version of the delete-a-group jackknife that is spe-
cific to the ARMS data (Kott, 2001). Sample weights (expansion factors)
are provided in the ARMS to prepare population estimates from the sur-
vey results and are based on value of sales. Because the purpose of this
research is to describe characteristics of a population using individual farm
data, weighting is necessary.

The full ARMS sample is divided into fifteen nearly equal and mutually
exclusive different sets. Using these different data sets, fifteen estimates or
"replicates" of the statistic are created. One of the fifteen parts is elimi-
nated in turn for each replicate estimate, with replacement. Following this
estimation, the full sample and replicate estimates are placed into a basic
jackknife variance formula:

V ariance (β) =
14

15

15∑
k=1

(
β(k) − β

)2 (40)

where β is the full sample estimate and β(k) is a replicate estimate with
part k removed (Dubman, 2000). This variance formula is used in this
estimation to calculate the standard errors and t-statistics of β.

2.5.3 Corn and Soybean Prices

Cash prices of corn and soybeans are included in this research. To estimate
the price available to a given farm, and using data on several thousand grain
buying points, a distance weighted average of nearby purchase points was
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developed by Geographic Information Systems (GIS) specialists at ERS.
The price data were collected by the Farm Service Agency for the purpose
of developing Posted County Prices used to implement a marketing loan
program (Loan Deficiency Payments and Marketing Loan Gains). Median
prices, by month, were developed for each buying location. The price vari-
able in this estimation is a ratio of corn price to soybean price, with the
assumption that producer price expectations are formed in the months im-
mediately prior to planting. Both prices are an average of the first three
months of the survey year, e.g. the 2005 observations use the average of
corn and soybean prices from the first three months of 2005.

2.5.4 Ethanol Capacity Index

ERS researchers also developed an index of ethanol production capacity to
capture the intensity of ethanol production — and related demand for corn
— in a given area for a specific point in time. The base data, including the
location and production capacity of ethanol plants, rely on data obtained
from the Renewable Fuels Association. The index is built with a kernel
density surfaces estimate with a four square kilometers spatial resolution
and a bandwidth of 125 km (70 miles). McNew and Griffith (2005) suggest
that ethanol plants influence local corn markets out to this distance.

2.5.5 Soil Quality

The National Commodity Crop Productivity Index captures variation in
land quality, and was developed by soil scientists with the Natural Resources
Conservation Service for implementation of the Conservation Reserve Pro-
gram (Dobbs et al., 2008). The index lies within the unit interval and
captures soil, landscape, and climate factors affecting the growth of com-
modity crops. ERS researchers used GIS to match the indices to individual
ARMS observations.
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2.5.6 Wheat Prices

The average monthly prices of wheat per state, from 2000–2007, are publicly
available on the NASS website. Winter wheat accounts for 70-80% of total
U.S. wheat production, so an average of the July, August, and September
pre-planting wheat prices, for a given state, are used in the model. For
states in which NASS did not collect wheat price data (due to minimal
or no wheat production), an average price was used. First, the monthly
average of all the states in the sample are found; then, the averages of July
through September are used to create an average price for the states that
have no value given. This is reasonable, rather than using no price, because
farmers may be influenced by prices in surrounding states, or face a similar
price for wheat.

2.5.7 Created Variables

Two variables were created using raw data from public NASS data as well
as the Corn and Soybeans ARMS. The first variable discussed is the Other
Crop Index, followed by the description of Crop Acreage Ratios. Given that
prices are available for corn and soybeans (by observation) and wheat (by
state), some value for the other crop category needed to be created. Using
publicly available NASS county production data, I created a Laspeyres
index for the other crop category that looks at the change in average revenue
over time relative to the base year of 2001:

Ict =

∑
i(pist ∗ qic0)∑
i(pi00 ∗ qic0)

(41)
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where

Ict = not yet normalized index for county c at time t

pist = state price for crop i at time t

qic0 = production of crop i in county c at time 0

pi00 = base price and location

The purpose of the Laspeyres Index is to provide a measure of the price of a
set in one period relative to the price of the same bundle in another period,
thus measuring relative prices overall. In this case, the base period is 2001,
and the index is normalized to I = 100. If the index remains at 100, then
the same bundle of goods can be bought and sold in the current period,
assuming fixed incomes or inputs. If the index increases, this indicates an
increase in price levels. The biggest critique of the Laspeyres Index is that
it tends to overstate price increases. This likely occurs because it ignores
the substitution effect that takes place as prices of goods increase. While
this is a reasonable concern, this index can still provide valuable insight and
use to this research. The index is being used to represent values of a bundle
of other crops. While movement of prices is important, I am looking more
at how farmers respond to the prices they face in terms of their planting
choices. However, in examining the results it may be important to keep this
flaw in mind.

To choose the base price, I compared the value of production of a given
crop in 2001 across states, and chose the state that had the highest value.
The state with the highest value of production then became the base state
and price for that particular crop. Note that the numerator of the index
uses different prices depending on the year and the 2001 base quantity, while
the denominator uses the 2001 base price and quantity; thus the index de-
nominator is the same in each year. In creating the index, it was discovered
that some counties did not list any crops from the other crop category; this
may be because these counties did not grow any of the ‘other’ crops, or
did not grow enough of them to have been reported individually by NASS



36

in 2001. To overcome this missing data problem, I replaced missing values
with averages from the summary statistics (calculated with no missing val-
ues). The summary statistics in Table 1 are calculated with the replaced
missing values. Given that there were only a few counties that did not
report ‘other’ crops, it is a reasonable assumption that a small amount was
still grown in these counties. After the index was created, it was merged
with the ARMS data by state, county, and year.

Table 1: Summary Statistics for Other Crop Index

Year N Mean Std Dev Min Max
2001 1478 100.00 0 100.00 100.00
2002 1475 112.33 11.69 91.21 147.80
2005 1261 110.41 26.16 70.09 200.93
2006 1823 122.51 18.42 80.00 181.10

Using NASS county data, a ratio of previous year crop acreages is in-
cluded in an attempt to capture the growth of ethanol capacity over time
in relation to the growth of corn. For example, the utility function for corn
in 2005 includes the ratio of corn harvested in 2004 to the total amount
of corn and soybeans harvested in 2004. Although this is not a perfect so-
lution, I believe it takes into account the spatial effect of ethanol capacity
and interaction with possible increased corn production, over time.

2.5.8 Model Setup

The utility functions for the corn-soybean partition and the degenerate
wheat partition, include operator occupation, soil productivity index, live-
stock value, ethanol capacity index, highly erodible land indicator, other crop
index, other crop acreage ratio, and an interaction term composed of ethanol
capacity index and other crop acreage ratio. Additionally, the wheat utility
function includes state wheat prices, wheat acreage ratio, and an interac-
tion term composed of ethanol capacity index and wheat acreage ratio. The
corn-soybean utility function follows similarly by including the corn-soybean
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Table 2: Descriptive Statistics - Choice Options and Variables in Estimation

N=5425 Obs. Mean Std Dev Min Max
Choices
Corn 0.4021 0.2035 0 1.0000
Soybean 0.3991 0.2028 0 1.0000
Wheat 0.0768 0.1438 0 0.9007
Other 0.1219 0.1899 0 1.0000

Explanatory Variables
Price of Corn 1.8613 12.9444 1.4215 2.4935
Price of Soy 4.8375 59.3034 3.6006 5.8993
Price Ratio 0.3900 0.0503 0.2968 0.5453
Livestock Indicator 0.2006 0.3238 -6.6072 6.5175
Ethanol Capacity Index 0.0029 0.0047 0 0.0241
Soil Productivity Index 0.4800 0.1882 0 0.9504
Other Crop Index 111.7820 18.7515 70.0907 189.0550
Corn Ratio (lower level) 0.4999 0.1450 0 1.0000
Soybean Ratio (lower level) 0.5001 0.1450 0 1.0000
Corn-Soybean Ratio 0.8032 0.2084 0.0203 1.0000
Wheat Ratio 0.0840 0.1256 0 0.8596
Other Crop Ratio 0.1123 0.1422 0 0.9657
State Wheat Price 2.8095 0.4473 1.9300 3.4167

Frequency Percent
Occupation
1=Farmer/Rancher 4599.0 84.77
0=Otherwise 826.0 15.23

Highly Erodible Land
1=HEL 971.0 17.90
0=Otherwise 4454.0 82.10
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acreage ratio and an interaction term composed of ethanol capacity index
and corn-soybean acreage ratio. Because the majority of variables are cap-
tured in the utility function for the corn-soybean group, only a corn-soybean
price ratio and corn acreage ratio are included in the lower level corn utility
function.

2.6 Empirical Results and Discussion

The following section begins with a discussion of the purpose of the Haus-
man specification test, followed by the outcome of the test. Section 2.6.2
presents the empirical results from the PDNL model, including the marginal
effects and elasticities.

2.6.1 Hausman Specification Test

Before examining the results from the PDNL model, it is important to
demonstrate that movement from a ML model to a less restrictive model is
warranted. Recall from Section 2.3.2 that the ML imposes an assumption,
often referred to as the IIA, that the ratio of probabilities of any two al-
ternatives should be preserved despite the presence or absence of any other
alternative within the set of alternatives included within the model (Hen-
sher et al., 2005). This follows from the assumption that the error terms
are independent and homoskedastic. If this is the case, the researcher has
no reason to nest any of the choices, rather she should proceed with a ML
model; however if the IIA assumption is violated, the researcher may be
interested in moving forward with a more flexible model to estimate model
parameters.

To test the IIA assumption, a specification test for the ML model is
conducted, with the null hypothesis that the IIA assumption holds. The
specification test for the ML model proposed by Hausman and McFadden
(1984) and discussed in Hensher et al. (2005) is used.

1. Estimate an unrestricted ML model inclusive of all alternatives.
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2. Estimate a similar model using a restricted number of alternatives.

The test statistic is

q = [bu − br]′[Vr − Vu]−1[bu − br] (42)

where
q is distributed χ2 with degrees of freedom equal to the rank of Vr−Vu,
bu is a column vector of parameter estimates for the unrestricted model,
br is a column vector of parameter estimates for the restricted model,
Vu is the variance-covariance matrix for the unrestricted model,
Vr is the variance-covariance matrix for the restricted model.

The unrestricted model was estimated first, allowing for all choices (corn,
soybeans, wheat, other) and normalizing on the other crop choice; it was
then compared to two different restricted models. Restricted model 1 (RM1)
removed the choice of soybeans, and restricted model 2 (RM2) removed the
choice of corn (corn and soybeans are the two choices that would be nested
in a more flexible structure). The results for the two cases can be seen in
Table 3. In both cases, the null hypothesis can be rejected suggesting the
researcher may be interested in using a less restrictive model.

Table 3: Results - Hausman Specification Test

Restricted Model q p-value
RM1 (soybeans removed) 193684.0 0.0000
RM2 (corn removed) 107784.0 0.0000

Aside from specification testing, Hausman and McFadden (1984) also
point out that when the correct specification is unknown, different tree
structures and choice sets should be examined. Additionally, this author
thinks it is important to employ common sense when specifying a model.
Corn and soybeans have long been considered substitutes - grown on the
same land and in rotation with one another. Only recently have farmers
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moved away from corn-soybean rotations, possibly for financial gains. Be-
cause of their close relationship, it is likely that the error terms associated
with these choices are correlated, a direct violation of IIA in a ML model.
Given that neither of the tests conducted support the null hypothesis, nest-
ing corn and soybeans allows one to avoid violation of IIA. In this case, a
nested model is a more flexible, and more realistic, model specification.

2.6.2 Model Results and Discussion

Parameter estimates for the corn-soybean nest and the upper-level parti-
tions can be found in Tables 4 and 5, while Tables 6 and 7 provide the
marginal effects and elasticities of significant parameters. The price param-
eter used in estimation of the nested corn function is positive and significant,
suggesting that as the price of corn increases relative to the price of soy-
beans, farmers are more inclined to harvest corn relative to soybeans. The
marginal effect and elasticity value for this variables indicate the price ratio
does not have a large influence on whether a farmer will choose to plant
corn or soybeans. With elasticity less than one, a 10% increase in the price
ratio (e.g. an increase in the price of corn, a decrease in the price of soy-
beans, or both) suggests that the ratio of corn to soybean plantings will
increase by only 3%. This may only be a small change, but it is important
to keep in mind that this essay covers the early years of growth in corn
prices - a larger response may be seen in later years as the price of corn
continued to increase. The coefficient on the corn acreage ratio, used in es-
timation of the nested corn function is positive and significant, suggesting
that if corn is planted in the previous year, farmers are more likely to grow
corn relative to soybeans in the following year. There also seems to be a
somewhat large effect from an increase in previous year’s corn acreage; if
the acreage ratio increases by 10% (either through an increase in more land
in corn, or a decrease in the land planted in soybeans), the ratio of corn to
soybean plantings in the following year may increase by almost 20%. This
may capture the idea that as the prevalence of ethanol increased in the
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Table 4: Conditional Probability Coefficient Estimates

Corn
Corn-Soybean Price Ratio 0.7348 ***

(2.7657)
Acreage Ratio (Corn) 3.9527 ***

(24.9201)
Constant -2.2998 ***

(-13.7750)
t-statistics in parentheses
*significant at 10%; **significant at 5%; ***significant at 1%

midwest, farmers continued to grow more corn. Farmers may have been
anticipating the increased demand for corn for ethanol, and thus increased
corn plantings instead of rotating back to soybeans.

The parameter results for the upper-level partitions are most often as
expected. The IV parameter for the corn-soybean group is between zero
and one and is significant, suggesting that the nesting specification is cor-
rect in identifying that similarities (or correlations) exist between corn and
soybeans. Nesting corn and soybeans in this manner avoided violation of
the independence of irrelevant alternatives. While the wheat utility func-
tion has some interesting significant parameter estimates, there are fewer
significant parameter estimates in the corn-soybean utility function. The
parameter for the other crop index is positive and significant, indicating
that as the index increases then the ratio of probabilities of corn or soy-
beans, relative to some other crop, increases. The index would increase
if some of the prices of crops found in the other crop group are also in-
creasing. This does seem counter-intuitive, but it may be that as farmers
receive higher prices for other crops, they are able to adjust their crop mix
to accommodate more corn and soybeans in order to capture profits from
increasing corn prices. Recall that the years of the ARMS data for this
essay is between 2001–2006; it is possible that as ethanol plants were be-
ing built and government support of ethanol production increased, farmers



42

Table 5: Probability Coefficient Estimates

Corn-Soybean Wheat
Soil 3.3325 -0.7254

(1.0760) (-0.6788)
Occupation: Farmer/Rancher 0.6212 0.5430

(0.7728) (0.6870)
Livestock -9.6296 -10.0360

(-1.2153) (-1.2053)
Ethanol Capacity -400.6600 -619.80 *

(-0.4760) (-1.3306)
Highly Erodible Land -0.2578 -0.4151

(-0.8167) (-0.7802)
Other Crop Index 0.0290 * 0.0210

(1.5659) (1.1269)
Wheat Price - 1.0375

- (1.0188)
Acreage Ratio (C-S) 9.7157 -

(1.0780) -
Acreage Ratio (Wheat) - 19.4480 *

- (1.4775)
Acreage Ratio (Other) -4.5351 -12.2340 ***

(-0.9338) (-2.3291)
EthCap & C-S Acreage Ratio 742.2230 -

(0.6872) -
EthCap & W Acreage Ratio - 2376.2900 *

- (1.3695)
EthCap & O Acreage Ratio -426.9000 1322.8500

(-0.3141) (0.70087)
Inclusive Value (IV) 0.2319 ** 1.0000

(1.6657) -
Constant -3.4212 -7.0182

(-0.8491) (-1.0855)
t-statistics in parentheses
*significant at 10%; **significant at 5%; ***significant at 1%
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Table 6: Marginal Effects and Elasticities for Nested Choices

(Pcn|cnsb)/(Psb|cnsb) Marginal Effect Elasticity
Corn-Soybean Price Ratio 0.8363 0.2866
Acreage Ratio (Corn) 4.4987 1.9761

Table 7: Marginal Effects and Elasticities of Upper-Level Partitions

(Pcnsb)/(Pother) Marginal Effect Elasticity
Other Crop Index 0.0894 0.75211

(Pwheat)/(Pother) Marginal Effect Elasticity
Acreage Ratio (Other) -9.9705 -1.3791
Acreage Ratio (Wheat) 17.5149 1.7794
Ethanol Capacity -40.6759 -1.6721

were able to anticipate some of the demand for corn and move land into
corn and soybean production. The marginal effect and elasticity indicate
that the effect of the index on the ratio of the corn-soybean group to other
crop group is small; a 10% increase in the index increases the ratio by less
than 8%. Additionally, as mentioned in Section 2.5.7, the Laspeyres Index
tends to overstate price increases. This may extend into the results of this
paper in that the effect of the other price index on the ratio of probabilities
of corn or soybeans relative to other crops may be somewhat exaggerated.

The other crop acreage ratio is negative and significant in the wheat
utility function. It is examined separately from ethanol capacity because the
interaction term between the two variables was not significant. If previous
year plantings of other crops, relative to corn, soybeans, and wheat, increase
by 10%, then the ratio of probabilities of wheat to other crops in the current
year decreases by almost 14%, stemming from a decrease in wheat plantings,
or an increase in corn or soybeans, or other crop plantings. Farmers could
be adjusting their crop mix to plant more corn or soybeans or other row
crops instead of wheat.

The interaction between the wheat acreage ratio and ethanol capacity
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was significant, so the marginal effects and elasticities account for both of
these variables. The wheat acreage ratio, with the inclusion of ethanol
capacity, suggested that if previous year wheat plantings increase by 10%
(relative to corn or soybeans, or other crops), the ratio of probabilities
of wheat to other crops increases by almost 18% in the current year. As
ethanol capacity increases by 10% (and takes into account the wheat acreage
ratio) the ratio of probabilities of wheat to other crops decreases by about
14%. Taken together the results imply that farmers may use land that was
previously planted in other crops for wheat production, even as ethanol
capacity increases. Land that was used for wheat may be used for producing
corn or soybeans, especially if the land has a higher productivity value.
In general, it appears as though farmers are adjusting their crop mix to
accommodate more wheat or corn and soybean production than other crops.

Previous versions of this paper (Kleiber, 2009) consistently presented
the soil productivity and livestock variable parameters as significant, how-
ever this essay finds that these parameters have the same signs as previous
versions, but are not significant in this model. Nonetheless, given previous
versions of this paper, the results may have some merit and are worth pre-
senting. The corn-soybean group has a positive parameter estimate for soil
productivity, while wheat has a negative parameter estimate. This makes
sense because corn and soybeans are effective in taking advantage of high
soil productivity. The opposite is true for the wheat choice; as soil produc-
tivity increases a farmer is less likely to plant wheat relative to other crops.
The livestock parameter estimates are negative for both the corn-soybean
group and wheat, thus livestock farmers are less likely to harvest either
corn or soybeans, or wheat, relative to the other crop. Farms with large
livestock enterprises might find it more cost-effective to grow hay (captured
in the other group) rather than corn, or wheat, especially as the value of
livestock increases.

There are some questions remaining as to the spatial effects of ethanol
capacity and whether there exists a loop of causality between the depen-
dent variable, corn acreage harvested, and ethanol capacity. As mentioned
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in Section 2.2, research suggests that one of the factors in determining the
location of ethanol plants is the abundance and availability of corn (Low
and Isserman, 2009; Sarmiento and Wilson, 2007). This essay is attempt-
ing to determine what factors will influence farmers to move land from less
intensive uses (wheat, other crops, and/or soybeans) to more intensive uses
like continuous corn. In estimation, the inclusion of ethanol capacity in
some form is important because there is the possibility of price premiums
from plant owners for corn growers nearby (creating the possible local price
islands), providing an incentive for local farmers to potentially substitute
away from other crops into corn (Low and Isserman, 2009). The location
and capacity of ethanol plants is limited by many factors, including access
to major highways, freeways, and railroads, and availability of water and
energy (natural gas and electricity), whereas these limitations do not nec-
essarily restrict the production of corn. Additionally, ethanol plants and
ethanol capacity are limited by the placement and competition of other
ethanol plants. It is possible that many plants locate near corn production
for the input of corn, but because feed is expensive, some locate closer to
livestock in order to sell ethanol byproducts as feed. Also, there have also
been a number of ethanol plants that have been built outside of typical
cropland areas (California, for example) because other imports to ethanol
production are readily available and shipping to blenders is much cheaper
than in areas that primarily grow corn (Haddad et al., 2009).

If a two-way relationship exists between the dependent variable and
ethanol capacity, one way to correct for this error would be via an instru-
mental variable. Because the data in the essay is not continuous between
years, including ethanol capacity as a lagged variable would be unlikely
to address the problem. As discussed, some of the factors that influence
ethanol plant location are energy inputs, including natural gas and elec-
tricity, access to water, and surrounding infrastructure (Eathington and
Swenson, 2007). Water is used in the production of corn, particularly in
areas that have poor soil quality, and railways and major highways and free-
ways may also influence farmers’ crop choice decisions. It seems as though
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one of the best exogenous variables to use as an instrumental variable may
be related to energy inputs, such as local prices of natural gas or electricity.
If energy prices are high, it may discourage investors in building a plant
in that area, especially as corn prices rise and profit margins from ethanol
production decrease.

If endogeneity is present in this essay, it may present itself in the param-
eter estimates for ethanol capacity in the corn and wheat utility functions.
As mentioned earlier in this section, the coefficients on ethanol capacity, and
corresponding interaction terms, were only significant in the wheat utility
function. Even so, if we examine the parameter estimates for ethanol capac-
ity, they are negative for the corn-soybean and wheat utility functions which
initially seems counterintuitive. One would expect the parameter estimate
to be positive for ethanol capacity in the corn-soybean function, implying
that as local ethanol capacity increases farmers would be more inclined to
plant corn or soybeans relative to other crops. However, it is important
to remember that ethanol capacity has been interacted with previous year
crop acreages, both in the corn-soybean function and in the wheat func-
tion. The marginal effect and elasticity for ethanol capacity in the wheat
function were reported in Table 7. The parameter estimate in the wheat
utility function was negative, and the marginal effect and elasticity were
negative. It is possible that this previous year wheat acreage ratio (and
similarly, the previous year corn-soybean acreage ratio) is picking up that
some areas already have a lot of wheat (or corn-soybeans) relative to other
crops. The ethanol capacity index is a variable that can fluctuate, even
at a given location, because it includes surrounding ethanol plants and in-
dividual plant capacities. Because ethanol plants take time to build, it is
possible that their location is a response to previous year corn plantings,
not current year corn harvest. However, if questions regarding the rela-
tionship between ethanol capacity and the dependent variable remains, the
use of local energy prices may be a suitable instrumental variable to use in
estimation.
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2.7 Conclusion

This essay uses individual farm level data, in four different years, to draw
out the effects of prices, ethanol capacity, and other variables, on farmers
decisions to plant corn, soybeans, wheat, or some other crop. By nesting
the choice of corn or soybeans, the restriction of independence of irrelevant
alternatives is relaxed and the choice between corn and soybeans can be
modeled without focusing on the correlation of their errors.

Estimation using the partially degenerate nested logit model revealed
interesting results that may not have been obvious with a less flexible model.
Previous year acreage ratios influence farmers’ decisions in planting crops
at all levels of the model. At the lower level, an increase in corn acreage
may lead to an increase in the following year to farmers planting more corn
relative to soybeans; the previous year wheat acreage ratio may similarly
lead to farmers planting more wheat. The other crop acreage ratio appears
to negatively influence a farmer’s decision to plant wheat relative to other
crops, while the interaction between the wheat acreage ratio and ethanol
capacity suggested that an increase in wheat acreages in the previous year
may encourage farmers to plant additional wheat in the following year,
relative to other crops, while as ethanol capacity increases, farmers are
less likely to plant wheat relative to other crops. Additionally, the corn-
soybean price is significant at the lower level, however the effect of price
on a farmer’s decision to plant corn or soybeans is relatively small. This
may be due to the range of years in the sample; the corn price did not
"boom" until late-2006, so it is possible that farmers in this sample had less
influence from local corn prices. As can be seen in Figures 6 and 7, corn and
soybean prices increased and had larger fluctuations in the years following
2006 (NASS). Additionally, the local ethanol capacity index parameter was
significant in the wheat utility function and had interesting indications when
taken into account with previous year wheat acreages. Because of some
concern regarding the possibility of a complementary relationship between
the dependent variable and ethanol capacity index, one might be interested
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Figure 6: Corn Price History

in conducting a similar study using an instrumental variable such as local
energy prices, in place of local ethanol capacity.

It would be interesting to apply this study to later years as the Corn
and Soybean ARMS becomes available to see if any price impacts persist,
especially as more recent years have seen fluctuations and increases in corn
and soybean prices. Additionally, including local wheat prices rather than
state wheat prices could add to the model results. Increasing the number
of branches in the model is another direction that this research could take,
particularly with the inclusion of non-cropped land uses and open space. As
the price of corn has crept up, some farmers have been inclined to use idle
land for farming, including land that is held in the Conservation Reserve
Program (Secchi et al., 2009).

There are two main contributions from the current analysis. The first is
that farm survey data is used to achieve a measure of reality in estimating
land use changes. Instead of using simulated or created data, this essay
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Figure 7: Soybean Price History

employs ARMS, a large and informative data set that has the potential for
actual policy implications. ARMS is one of the most informative survey
data sets that includes farm household characteristics as well as business
and farm practices. Often policy decisions are implemented as a standard
across regions or states, however, local policy regulations might need to be
created as farm practices adjust in response to local price variables and
local ethanol capacity.

Secondly, this research employs a flexible choice structure to model crop
choice decisions, accounting for the substitutability of different crops. Often
the "best" model is a simple model – one that provides information on bits
and pieces of a larger puzzle without including many details that more
accurately imitate real world situations. However, by using a partially
degenerate nested logit to model crop choice, the real world is more closely
represented, modeling is not too cumbersome or infeasible, and valuable
results and implications are obtained.
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Through the use of actual farm data and a flexible choice structure,
the results suggest that local corn and soybean prices do encourage pro-
ducers to plant corn, a more intensive crop, relative to soybeans. Using a
corn-soybean price ratio would suggest that even if the price of soybeans
increases, the price of corn will need to increase as well in order to maintain
the corn-soybean price ratio. This research included ARMS surveys from
2001, 2002, 2005, and 2006, suggesting that the response to prices per-
sisted over these years, even though the response was small. It is possible
that future years would see a stronger response to corn and soybean prices,
especially since the upward swing in the price of corn occurred in 2007.



51

3 The High Price of Corn in Relation to Ethanol-Driven
Corn Demand
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3.1 Introduction

The second part of this dissertation utilizes a multinomial logit (ML) model
to estimate the corn-soybean price ratio in multiple acreage scenarios that
incorporate increased levels of corn production. The scenarios are drawn
from an EPA report (Aqua Terra et al., 2008) that utilized the Soil and
Water Assessment Tool (SWAT) to model and assess impacts of increased
corn production on surface waters in the Upper Mississippi River Basin
(UMRB). The authors of the report assume that farmers in the UMRB
will adjust land usage from corn-soybean rotations to continuous corn to
accommodate the increasing demand for corn-based ethanol. The previous
essay in this dissertation suggested that farmers respond to local corn and
soybean prices when choosing between planting corn, soybeans, wheat, and
other crops, however the EPA report suggests that the additional land re-
quired for future corn production will come from corn-soybean rotations.
This is a similar situation in which farmers are likely to respond to in-
centives, namely prices, in deciding how to allocate cropland. Movement
between continuous corn, continuous soybean, and a corn-soybean mix is
feasible because they are often grown on the same land and in rotation with
one another.

In this essay, a ML model that includes county-level corn and soybean
prices is estimated. The parameter estimates are used to calculate the
ratios of continuous corn, continuous soybean, and a corn-soybean mix, as
described in the different scenarios in the EPA report. In order to reach the
different levels of corn production, the price of either corn or soybeans will
need to increase or decrease, respectively. For this paper, only the price of
corn is adjusted in each scenario in order to estimate the percentage change
in corn price from the baseline. If the price of corn changes very little,
it is unlikely that farmers would move land from a corn-soybean rotation
to continuous corn; if this is the case, the EPA report, and its estimates
regarding surface water and nutrient loads, may be irrelevant.

This essay is organized into six sections. Section 3.2 provides a de-
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scription of the SWAT model, including data sources, while Section 3.3
summarizes the Aqua Terra et al. (2008) report and introduces a discussion
on current and future corn prices. The ML model, descriptive statistics, and
parameter estimates can be found in Section 3.4. Results and discussion
are presented in Section 3.5, followed by the conclusion in Section 3.6.

3.2 Soil and Water Assessment Tool (SWAT)

The SWAT model is a basin-scale continuous simulation model that oper-
ates on a daily time step. It integrates previous versions of different USDA
models including CREAMS, GLEAMS, EPIC, and SWRRB, and uses GIS,
water systems, and other management scenarios to examine the impact of
different government policies and management situations.

It is designed to predict the non-point source loadings and re-
sulting water quality impacts of water, sediment, and agricul-
tural chemicals (nutrients and pesticides) from a watershed . . . The
model is physically based, computationally efficient, and capa-
ble of continuous simulations over long periods of time, rang-
ing from days to years to decades. Major model components
include weather, hydrology, erosion/sedimentation, soil temper-
ature, plant growth, nutrients, pesticides, bacteria, agricultural
management, stream routing and pond/reservoir routing (Aqua
Terra et al., 2008).

SWAT can be adjusted to account for increases in biofuel production via
corn, or through other sources such as switchgrass; it can also model the po-
tential impact of climate change on biofuel production. SWAT is physically
based and uses readily available inputs, commonly available from various
government agencies. “It is a multiple equation, deterministic model based
on principles of hydrology, plant physiology, and soil science” (Whittaker
and Scott, 1999). The following data sources and methodology were used
to compile SWAT for estimation in the UMRB (taken from Aqua Terra et
al., 2008):

• The National Hydrography Dataset along with 90m digital elevation
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model was used as input for the watershed and topographic parame-
ters estimation within the ArcSWAT interface.

• Land use maps were obtained from the Cropland Data Layer and 2001
National Land Cover Data (Homer et al., 2004) and were broken down
into varying land use classifications.

• For soils, the State Soil Geographic database was used.

• Hydrologic Response Units (HRUs) are the basic building blocks for
the SWAT model where all landscape processes are computed. HRUs
are formulated by finding unique combinations of subbasin, landuse,
soil, and slopes. Through the ArcSWAT interface, the landuse, soil,
and slope layers were overlaid to create unique combinations of HRUs
by subbasin.

• The tillage practice information in the UMRB was obtained at the
county level from Conservation Technology Information Center. There
are five major tillage types. Three of them (no-tillage, ridge-tillage,
and mulch-tillage) belong to conservation tillage, and the other two
types of tillage (reduced-tillage and intensive-tillage) are non-conservation
tillage.

• The agricultural statistics for each county, based on the 2002 Census
of Agriculture, were used to calculate the number of animals, and thus
total amount of manure produced, and estimated chemical fertilizer
application.

• Long-term historical weather inputs from 1960 to 2001 (Di Luzio
et al., 2008), daily observations derived from the National Climatic
Data Center, and the Parameter-Elevation Regression on Indepen-
dent Slopes Model maps, were used to create weather stations within
the SWAT model.

• Additional observation data was obtained from the U.S. Geological
Survey website.
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3.3 Literature Review

The main objective of the Aqua Terra et al. (2008) report was to model and
assess the impact of corn-based ethanol production on surface water quality,
in particular stream flow and total nitrogen prediction. The UMRB (which
includes Illinois, Indiana, Iowa, Kentucky, Michigan, Minnesota, Missouri,
South Dakota, and Wisconsin) was chosen as the study region because it is
the driving force in corn production for use in biofuels, as well as the main
contributor to the Gulf of Mexico hypoxia zone due to overuse of pesticides
and fertilizers. The study area can be viewed in Figure 8.

Figure 8: States Included in SWAT Estimation

Developing a baseline was the first step in creating the datasets. Based
on analysis of three year rotations from 2004–2006, the corn-soybean rota-
tions were determined to be the major crop rotation types in the UMRB.
The national average for corn yield in 2008, 150 bushels per acre, was used
as the target for baseline yield levels. Once the SWAT baseline was cre-
ated, it was used to analyze and estimate various scenarios in land use and
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management practices.
In the study, SWAT scenarios were run for the years 2010, 2015, 2020,

and 2022, using the national ethanol production goals of 12 billion gallons a
year for 2010, and 15 billion gallons a year for 2015, 2020, and 2022. Current
ethanol plant production (in 2008) and planned expansion were included in
the totals. The UMRB ethanol production goals of 5.1 billion gallons for
2010 and 6.3 billion gallons for 2015–2022 were translated into the required
corn acreage production needed to meet the above goals. The authors of
the report assumed that 100% of new corn in the future scenarios was
used for ethanol production. Additionally, a 1.23% annual yield increase
was imposed, resulting in an increase in yields of 6.3%, 13.0%, 20.1%, and
23.1% for the target years. Based on the above assumptions, the following
increases in corn areas were required for the future scenarios: 9.73 million
acres for 2010, 11.94 million acres for 2015, 11.07 million acres for 2020,
and 10.73 million acres for 2022.

In the EPA report, the results for scenarios beyond 2010 were surprising;
there was a demonstrated decrease in nitrogen and phosphorus loads, with
nitrogen outflow showing less than a 2% increase over the baseline. The
decrease in nutrient outflow can likely be attributed to the model’s use of
increased yield production in future scenarios and increased yield values for
corn. Additionally, there was no dramatic change in sediment loss, likely
due to the model assuming that corn stover would remain on the fields
following harvest.

The results in the report may play into future policy decisions, how-
ever it is important to know whether the scenario results presented could
actually take place. In general, farmers are unlikely to change their crop
rotations unless there is an incentive for them to do so. A mandate of bio-
fuel production is not an incentive, however it does increase the demand
for corn in biofuel production. Simple economics predicts that an increase
in demand increases the price of a good, in this case corn. Given the as-
sumption that farmers are rational, we would expect them to respond to
these price changes, however, there remains the lingering question of how
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the price of corn would need to change in order to reach the amount of land
dedicated to corn in 2010, 2015, 2020, and 2022. Very little research has
been done that examines how much the price of corn will need to increase
to encourage farmers to plant enough corn in order to achieve the ethanol
mandates. In the past few years, the actual price of corn has fluctuated be-
tween $3.00-$4.00 per bushel, higher than the historical norm of $2.00-$3.00
per bushel. Currently the price of corn is pushing $6.00-$7.00 per bushel.
Westcott (2007) reported that the USDA predicted corn prices would reach
$3.75 in 2010, and then fall to $3.30 by 2016/2017 as ethanol expansion
slows. The author also suggests that this higher corn price is likely to be
sustained for a longer period of time. The USDA projects corn prices to
remain historically high due to continued demand for corn-based ethanol
(Interagency Agricultural Projections Committee, 2010), while Dr. Wallace
Tyner at Purdue University suggests that the new "normal" for corn prices
will be closer to $3.00-$4.00 per bushel (Bullis, 2011). The Biomass Re-
search and Development Board (2008) calculates a baseline price for corn
in 2016 at $3.45, but comments that the listed price is not a prediction,
rather it is an indication of possible responses to increased corn demand.

Farmers need an incentive (high returns) to plant the amount of corn
required to reach the level of corn acreage proposed in the EPA report, oth-
erwise the results presented may be irrelevant. Additionally, if a dramatic
increase in the price of corn is possible, it may effect the prices of other crops
that compete with corn, or other market sectors including food prices. The
purpose of this essay is to examine how the corn-soybean price ratio changes
in each of these scenarios, and to discuss whether farmers would actually
adjust their crop mix in the format that is suggested in the EPA report.
In this research, land uses were broken down into the following choices:
corn-soybean, continuous corn, continuous soybean, wheat, and other. The
"other" group is very broad and includes barren land, deciduous, evergreen,
and mixed forest, shrub land, Cropland Reserve Program, grassland herba-
ceous, hay, cultivated crop, woody wetlands, herbaceous wetlands, alfalfa,
and pasture. A breakdown of the acreages in the baseline and differing sce-
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narios can be viewed in Table 8. Note that the acreage of wheat and other
stays the same in all of the scenarios, while the increase in continuous corn
acreage comes primarily from corn-soybean acreage (Malcolm and Aillery,
2009). A ML model with choice options of continuous corn, continuous
soybean, or corn-soybean mix, is estimated to break down the impact of
prices on farmers’ land use decisions in the different SWAT scenarios.

Table 8: SWAT Acreages

Baseline
Cont. Corn 15,652,459,267.04
Cont. Soybean 7,034,438,168.08
Corn-Soybean 143,670,931,722.19
Wheat 701,388,249.01
Other 269,577,501,796.40
Total 436,636,719,202.72

2010 2015
Cont. Corn 15,662,189,272.75 15,664,399,380.83
Cont. Soybean 2,600,393.60 680,264.55
Corn-Soybean 44,369,662.54 24,619,672.08
Wheat 173,316.54 173,316.54
Other 66,613,948.58 66,613,948.58
Total 15,775,946,594.01 15,756,486,582.59

2020 2022
Cont. Corn 15,663,529,322.86 15,663,189,305.93
Cont. Soybean 757,357.97 787,485.93
Corn-Soybean 25,412,636.64 25,722,525.61
Wheat 173,316.54 173,316.54
Other 66,613,948.58 66,613,948.58
Total 15,756,486,582.59 15,756,486,582.59
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3.4 Multinomial Logit Model

Recall the discussion of the ML model in Section 2.3.1. An individual i
faces J alternatives, and the individual chooses among the J alternatives
to maximize his utility, such that

Pij =
Uij
J∑
j=1

Uij

. (43)

In this essay, the choices in the ML model are ratios of continuous corn,
continuous soybean, or corn-soybean mix, and the data does not vary across
alternatives. Here, the normalization occurs on the corn-soybean mix. The
SWAT data was merged by county with the 2005 Corn ARMS in order to
get a picture of the operators in each county. Descriptive statistics for the
variables in the model can be seen in Table 9. The utility functions for the
continuous corn and continuous soybean choices include operator occupa-
tion, soil productivity index, livestock value, highly erodible land indicator,
and corn-soybean price ratio.

The results from the ML logit model can be seen in Table 10 and are as
expected, primarily that the corn-soybean price ratio parameter is positive
and significant in the corn utility function. The results imply that as the
corn-soybean price ratio increases due to an increase in corn price or a
decrease in soybean price, farmers are more likely to plant continuous corn
relative to a corn-soybean mix.

After estimating the parameters, the results were used to recreate the
choice probabilities for the baseline continuous corn, continuous soybean,
and corn-soybean mix ML model choices. The model was calibrated by
modifying the soybean price (and thus the corn-soybean price ratio) so
that the model output matched the land use ratios from the observed data.
When the calibration was complete, the original ML model parameter es-
timates were used in the same manner to create the choice probabilities
for the 2010, 2015, 2020, and 2022, SWAT scenarios. In the different sce-
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Table 9: Descriptive Statistics - Choice Options/Variables in the ML Model

N=331 Obs. Mean Std Dev Min Max
Choices
Continuous Corn 0.1286 0.1758 0 1.0000
Continuous Soybean 0.0537 0.0822 0 0.6667
Corn-Soybean 0.8178 0.1954 0 1.0000

Explanatory Variables
Price of Corn 1.8102 6.2954 1.6609 2.0242
Price of Soy 5.3910 9.3084 5.0562 5.7158
Price Ratio 0.3358 0.0100 0.3105 0.3764
Livestock Indicator 0.2623 0.2475 -0.0067 1.5697
Soil Productivity Index 0.5273 0.1638 0 0.9148

Frequency Percent
Occupation
1=Farmer/Rancher 295.0 89.12
0=Otherwise 36.0 10.88

Highly Erodible Land
1=HEL 39.0 11.78
0=Otherwise 292.0 88.22
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Table 10: Multinomial Logit Model - Coefficient Estimates

Continuous Continuous
Corn Soybean

Corn-Soybean Price Ratio 46.3493 *** 23.5291
(2.7400) (0.8900)

Soil 0.1110 -1.2200
(0.1000) (0.7100)

Occupation: Farmer/Rancher 0.6325 0.3338
(0.2200) (0.6700)

Livestock 0.8105 0.1946
(1.2800) (0.1800)

Highly Erodible Land 0.1928 0.1319
(0.7900) (0.3600)

Constant -17.6861 *** -11.5198
(-3.0200) (-1.2800)

t-statistics in parentheses
*significant at 10%; **significant at 5%; ***significant at 1%

narios, the corn price was increased to mimic the movement of land from
corn-soybean mix to continuous corn. In each scenario, the corn price and
corn-soybean price ratio was compared to the baseline.

3.5 Results and Discussion

The results of each scenario and the corresponding comparison to the base-
line can be found in Tables 11 through 14. In each of the scenarios, assuming
the soybean price is constant, the price of corn increases from the baseline
of 183.62 by at least 70%. Recall that the Aqua Terra et al. (2008) report
imposed an annual yield increase of 1.23%, resulting in increasing yields for
the four target years. The results in this essay suggest that the price will
increase by 71.5% in the first scenario and by 79.2% in the last scenario,
with the biggest difference in price from the baseline occurring in the second
scenario, year 2015, since the corn price increases by 79.7%.

It is important to note that this essay demonstrates the results of an
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Table 11: Results - Baseline to 2010

Acreage Ratios
Choices Baseline 2010
Continuous Corn 0.0853 0.9970
Continuous Soybean 0.0510 0.0002
Corn-Soybean 0.8637 0.0028

Prices Baseline 2010
Price of Corn 1.8362 3.1500
Price of Soybean 5.6395 5.6395
Price Ratio 0.3256 0.5586

Table 12: Results - Baseline to 2015

Acreage Ratios
Choices Baseline 2015
Continuous Corn 0.0853 0.9983
Continuous Soybean 0.0510 0.0016
Corn-Soybean 0.8637 0.0001

Prices Baseline 2015
Price of Corn 1.8362 3.3000
Price of Soybean 5.6395 5.6395
Price Ratio 0.3256 0.5852
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Table 13: Results - Baseline to 2020

Acreage Ratios
Choices Baseline 2020
Continuous Corn 0.0853 0.9982
Continuous Soybean 0.0510 0.0018
Corn-Soybean 0.8637 0.0001

Prices Baseline 2020
Price of Corn 1.8362 3.2750
Price of Soybean 5.6395 5.6395
Price Ratio 0.3256 0.5807

Table 14: Results - Baseline to 2022

Acreage Ratios
Choices Baseline 2022
Continuous Corn 0.0853 0.9983
Continuous Soybean 0.0510 0.0017
Corn-Soybean 0.8637 0.0001

Prices Baseline 2022
Price of Corn 1.8362 3.2900
Price of Soybean 5.6395 5.6395
Price Ratio 0.3256 0.5834
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increasing corn-soybean price ratio. Increasing corn prices are used to cap-
ture the increase in the price ratio, but this could also be captured through
a decrease in the price of soybeans, or a mix of increasing corn prices and
decreasing soybean prices. Additionally, the results of the first scenario are
suggesting an increase in the baseline corn price corn of $1.84 to a price
of $3.15. While this does not seem like a large increase based on the (rel-
atively) low price of corn, any time the price of a crop has a considerable
increase, there are likely to be changes in crop land allocation; this is similar
to the local “price islands” discussed in the first essay of this dissertation.
Since this model uses a corn-soybean price ratio, the prices of corn and
soybeans can be adjusted to reflect more recent prices. In the last decade,
corn prices have experienced dramatic fluctuations, due in part to the in-
creasing demand for corn-based ethanol. If the "new" average corn price is
suspected to remain near $3.00 per bushel, an increase in the price to $6.00
per bushel in order to increase corn production in future scenarios is cer-
tainly possible, especially given current prices of corn. Increasing soybean
prices can also be captured in the corn-soybean price ratio, and may result
in an even greater increase in the price of corn.

However, the slim possibility of corn prices maintaining such an increase
through the different scenarios presented in the EPA report leads one to
question whether the EPA results are plausible. In the recent past, the
price of corn has been volatile and peaked at these higher prices, followed
by a decrease to the "new" average. Because of these fluctuating prices,
farmers may look at the distribution of corn prices over the past few months
or years, rather than month-to-month, in order to plan their crop mix. For
the EPA results to hold, in particular to see such a huge amount of land
dedicated to continuous corn, it is likely that the corn price would need to
remain at an increased level, such as suggested in this paper.

If the price of corn does dramatically increase and remains at this higher
level, allocating cropland to accommodate more continuous corn may have
additional consequences that are not mentioned in the EPA report. As the
price of corn increases, and farmers shift land use into continuous corn, it
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is possible the additional corn production will come at the expense of soy-
beans, with a potential increase in the soybean price. Reduced production
and higher prices for soybeans may bring higher prices for soybean meal and
soybean oil. Other crops that compete with corn and soybeans for acreage
(wheat, for example) may also see some price increases, however these are
likely to be smaller since the shifting between crops would be less dramatic
(Biomass Research and Development Board, 2008). Increased corn prices
also affect the livestock sector because corn is an important input to ani-
mal feed. Consumers are more likely to see increased prices for meat and
poultry due to higher feed costs, than in other food products. Additionally,
global increases in food prices may be experienced due to decreased exports
of corn from the U.S. (Leibtag, 2008; Biomass Research and Development
Board, 2008). Finally, an increase in the production of continuous corn is
likely to have serious implications on the availability of ground and surface
water, particularly for irrigation purposes. It is possible that there may
be increased competition for water between consumptive uses, irrigation,
and ethanol production. While the impacts may not be seen on a national
scale, regional and local conflicts regarding water usage may become more
common (Committee on Water Implications of Biofuels Production in the
United States, 2008).

3.6 Conclusion

This essay uses a ML model to estimate a corn-soybean price ratio, and
essentially a percentage increase in corn price, that would be necessary
to achieve different scenarios of continuous corn production, a result of
increased demand for corn-based ethanol. The scenarios are used in an
EPA report (Aqua Terra et al., 2008), and in conjunction with SWAT, to
estimate future impacts of increased corn production on water quality in
the UMRB.

The results of the ML model suggest that as the corn-soybean price ratio
increases, farmers are more likely to plant continuous corn relative to a corn-
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soybean mix. The parameter estimates were used to predict acreage ratios
for the different land use scenarios and to estimate a percentage change in
the price of corn from the baseline scenario. The results indicate the price
of corn may increase by 70-80%. This paper uses a corn-soybean price ratio
in estimation of the ML model, so corn and soybean prices can be adjusted
to reflect current and future scenarios. Given that corn and soybean prices
have had extreme fluctuations in the last decade, it seems unlikely that
corn prices will remain at peak levels through the different EPA scenarios.
More likely, corn prices will continue to vary and occasionally reach a "new"
average price level that may be higher than the previous average corn price.

The Aqua Terra et al. (2008) report assumes that the corn price will
increase enough to encourage farmers to adjust their crop mix to accom-
modate additional continuous corn. Many studies, including Committee on
Water Implications of Biofuels Production in the United States (2008) and
Biomass Research and Development Board (2008), examine the implications
of increases in corn production on the environment and land use, but rarely
provide any incentive for an increase in continuous corn. The corn price
increase that is suggested in this essay can be taken two ways. First, this
paper suggests that the corn price almost doubles for the different EPA sce-
narios, and is expected to stay at a peak price for all of the scenarios. This
is a direct contradiction to the volatile corn and soybean prices that farm-
ers have experienced over the last ten years. Based on the recent history of
corn and soybean prices, it is unlikely that the acreage scenarios presented
in the EPA report will take place; this may also impact the SWAT results
regarding water quality and nitrogen loads. Alternatively, if the price of
corn does dramatically increase and remains at a high price level, we may
experience other consequences related to increased production of continuous
corn, including higher food prices domestically and abroad, higher prices of
competing crops, and water shortages due to conflicting water demands for
additional irrigation, ethanol production, and consumptive uses.
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4 General Conclusion

This research focused on crop choice, the growth of corn production in the
Corn Belt and surrounding areas, and local corn prices. The first essay
used farm survey data to estimate a PDNL model of crop choice that took
into account local corn and soybean prices and local ethanol capacity. This
research was completed using ARMS data, a large and informative data set
that has the potential for actual policy implications. It is different from sim-
ulated or created data in that it is a sample of real world farmers and their
farm practices. Using a flexible choice structure like the PDNL model to
model crop choice decisions better accounts for the substitutability of crop
choices, particularly when examining land use decisions related to corn and
soybeans. Additionally, I am able to examine crop choice decisions between
corn and soybeans without focusing on the correlation of their errors. The
results from the PDNL model suggest that as the corn-soybean price ratio
increases farmers are more likely to plant corn relative to soybeans, however
the effect of the price ratio is rather small. It is possible that the demand
for corn-based ethanol was in its early stages for this sample, which ranged
from 2001–2006. The use of Corn ARMS Surveys after 2006, may capture
a stronger effect of local prices on farmers’ crop choice decisions. Ethanol
capacity was not significant in the corn-soybean utility function, but the re-
sults for the wheat utility function suggest that farmers may be using other
cropland to plant more corn, soybeans, or wheat relative to other crops,
as ethanol capacity increases. There is some question regarding the rela-
tionship between corn harvested (the dependent variable) and the ethanol
capacity index, so future research may include estimation with an instru-
mental variable in the place of local ethanol capacity. Most importantly,
through the use of actual farm data and a flexible choice structure, the
results may suggest outcomes that can influence real policy debates and
decisions.

The second essay estimates the corn-soybean price ratio in different
future acreage scenarios that are designed to accommodate additional con-
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tinuous corn production in response to increased demand for corn-based
ethanol, as described in Aqua Terra et al. (2008). A ML model is used to
examine the adjustment of land usage in the UMRB between continuous
corn, continuous soybean, and corn-soybean mix. The results suggest that
as the corn-soybean price ratio increases due to an increase in corn price or
decrease in soybean price, farmers are more likely to plant continuous corn
than a corn-soybean rotation. Parameter estimates from the ML model
are used to estimate the corn price in future acreage scenarios, with results
suggesting a minimum corn price increase of 70% in order to meet ethanol
mandates through 2022. Very little research has actually examined how
much the price of corn will need to increase in order to encourage farmers
to plant enough corn to meet the Renewable Fuel Standards. This essay
adds to the literature by quantifying the increase in corn price, at least in
the UMRB. Given that corn and soybean prices have had dramatic fluctu-
ations in recent history, it is unlikely that the price of corn will remain at
a peak level; more reasonably it will decrease to a new, higher average corn
price. Given these fluctuations, farmers are unlikely to adjust their crop
rotations to plant more continuous corn. If the price of corn does stay at a
peak level, farmers may adjust their crop mix to accommodate more contin-
uous corn, however such an adjustment may have additional consequences
that include increases in food prices, increasing prices of competing crops
and related goods, and competition over local and regional water usage.
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