
ABSTRACT

BEKKERMAN, ANTON. An Investigation of Spatial and Temporal Concepts in
U.S. Corn and Soybean Markets. (Under the direction of Barry K. Goodwin and
Nicholas E. Piggott.)

Spatial and temporal issues are often important concepts within agricultural

economics research. Understanding these issues and developing models that

incorporate spatio-temporal frameworks can lead to more accuracy in answering

important economic questions. This thesis uses the spatio-temporal framework to

analyze topics that pertain to modeling disease risk of soybeans, estimating welfare

effects from wind-borne diseases, and examining price transmissions in North

Carolina soybean and corn markets. First, economic impacts of soybean rust in

the United States are examined by using zero-inflated count-data models that are

adjusted for potential endogeneity between inspections and infection finds. Past

soybean rust finds and inspections in the county and in the surrounding counties,

weather and overwintering conditions, and plant maturity groups and planting

dates are all found to be significant aspects of determining soybean rust. These

results are then used to accordingly price annual insurance contracts that cover

soybean rust damages. Next, welfare impacts of wind-borne disease outbreaks in

the United States are investigated under two alternative indemnification policies.

The standard insurance program and a proposed check-off and mitigation scheme

are compared, and simulation estimates are provided for a soybean rust outbreak

in the U.S. soybean industry. The results indicate that welfare benefits may

be as high as $1.7 billion under the check-off and mitigation plan. Finally,

linkages between spatially separated corn markets and soybean markets in North



Carolina are analyzed by extending the constant threshold autoregressive model,

which is the methodology found in the current literature. The more flexible

asymmetric variable thresholds model, which allows the transaction costs neutral

band to vary according to external factors, statistically outperforms the alternative

specifications, might better represent long time series data, and indicates that

the constant threshold models can underestimate the time-to-convergence and

magnitude of a price shock in linked markets.
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Introduction

A multitude of topics in agricultural economics requires an accurate representation

and interpretation of spatial and temporal factors. Economic models that can

appropriately capture these factors can be used to properly explain the spatio-

temporal characteristics. Two topics that require such modeling include the

analysis of invasive species and wind-borne disease spread, and the study of

spatially separated agricultural markets. The former examines the risks of disease

infections by incorporating important spatial and temporal components, including

pathological attributes that contribute to the dispersion of the disease, infection

status at nearby locations, and characteristics that might influence the ability

of intra-seasonal survival. Spatio-temporal aspects are important in modeling

linkages among spatially separated agricultural markets. Understanding the

catalysts that might influence price parity relationships in linked commodity

markets can be key to identifying and correctly modeling price transmission

behavior.

The spatio-temporal aspects of invasive species are examined by investigating

the infection risk of soybean rust. Soybean rust is a highly mobile infectious

disease and that be transmitted across short and long distances. Soybean rust

is estimated to cause yield losses that can range between 1%-25%. An analysis
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of spatio-temporal infection risks within the United States is performed through

the use of a unique data set. Observations from over 35,000 field-level inspections

between 2005 and 2007 are used to conduct a county-level analysis. Statistical

inferences are derived by employing zero-inflated Poisson and negative binomial

models, which are found to be a statistical improvement on the standard count-

data specifications. In addition, the models are adjusted to account for potential

endogeneity between inspections and soybean rust finds.

Past soybean rust finds and inspections in the county and in the surrounding

counties, weather and overwintering conditions, plant maturity groups, and

planting dates are all found to be significant factors determining soybean rust.

These results are then used to accordingly price annual insurance contracts or

indemnification programs that cover soybean rust damages. As expected, the

southern U.S. region, in which survival and spread conditions are optimal for

soybean rust, has the largest probability of infection and the highest actuarially-

fair premium rates.

As evidenced by the soybean rust disease, wind-borne invasive species can be

a serious threat to some of the major crops in the United States due to the speed

and breadth of infestation. Standard indemnification programs, which provide

compensation payments only to the affected farmer, may not effectively address

the sources of loss that occur due to the spread of the disease to nearby farms.

An alternative indemnification policy is one that provides compensation to the

affected farmer as well as mitigation payments to nearby producers, which can be

used for preventative methods (such as fungicide application) against the disease.

This policy can be implemented by enacting a check-off program, which generates

2



revenues that can be used for providing indemnity payments, subsidizing research

programs, and collecting a reserve fund for the possibility of a catastrophic disease

outbreak.

The welfare effects of instituting a check-off policy can be performed by

simulating a disease outbreak and the associated changes in quantities and prices of

a commodity. In this study, an equilibrium displacement model is used to simulate

an outbreak of the soybean rust disease, and then estimate the welfare effects

associated with instituting a check-off on U.S. soybean producers. The empirical

results indicate that there may exist significant welfare benefits to instituting an

indemnification plan that seeks to mitigate the spread of wind-borne diseases.

Finally, this study examines characteristics that affect price transmission

behavior in spatially separated corn markets and soybean markets within North

Carolina. In North Carolina, where soybeans and corn are the two primary crops,

the recent increase in the demand for U.S. corn has triggered a shift of farm

acreage from soybeans to corn. In effect, this has led to a rapid rise in prices

of both commodities. However, the rate of the price changes, as well as the

price level, is significantly different in markets that are located in different parts

of the state. This study extends the literature that examines linkages between

spatially separated markets by using a threshold autoregressive model with a less

restrictive assumption for estimating the transaction cost neutral band – the band

within which trade is not profitable. This generalization allows the neutral band

of transactions costs to change according to various external factors, including fuel

costs and seasonality.

To estimate the model, daily price data are used from feed mills, processors,

3



and elevators at spatially dispersed locations in North Carolina. The estimation

results indicate that variable thresholds models statistically outperform the con-

stant thresholds specification. The most flexible asymmetric variable thresholds

model indicates the best fit and a better representation of long-run time series corn

and soybean price data. The asymmetric variable thresholds model also provides

a richer environment for examining impulse response functions, which are used to

examine the effects of shocks on prices in linked markets. In general, the impulse

response functions that use the asymmetric variable thresholds model indicate that

the magnitude of the shock as well as the time it takes to return to a price parity

equilibrium in the linked markets may be underestimated if a constant thresholds

specification is implemented.
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Chapter 1

Spatio-temporal Risk and Severity Analysis of

Soybean Rust in the United States

The U.S. soybean sector has avoided an onset of soybean rust (SBR) for over

a century, while other major world producers endured considerable yield losses,

ranging between 10%-90%, due to this highly infectious disease (Akinsanmi and

Ladipo 2001, Caldwell and Laing 2001, Bromfield, Bonde, and Melching 1976,

Chen 1989). In the United States, Roberts et al. (2006) report that, if untreated,

soybean rust can cause up to a 25% loss of soybean yields. As a leading producer

and exporter of soybeans, a disease as potentially devastating as soybean rust

can have significant impacts on agricultural economies nationally and abroad.1

Livingston et al. (2004) estimated that the expected net losses in the United

States due to soybean rust can range from $630 million to $1.3 billion, and during

the National Soybean Rust Symposium (APS 2006) it was suggested that a typical

800-1,000 acre soybean farm, if infected, will experience a $20,000 - $30,000 loss.

1The United States has produced an average of 2.945 billion bushels and exported an average
of 40% of the worlds soybeans between 2005 and 2007.
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Yet, under current market conditions in which prices of soybeans have more than

doubled over the past year, the economic impacts of soybean rust can be dire.

In the 2007-08 crop year, over 63.6 million acres of soybeans were planted in

the United States, representing an 11.9 million acre decline from the previous

season. This significant decrease in soybean acreage, in combination with a slight

reduction in 2007-08 yields, has led to a 13% decline in the supply of soybeans.

Despite the lower supply and substantially higher prices, the demand for and total

use of soybeans remained relatively stable, resulting in an almost 70% depletion in

the 2007-08 ending stocks of soybeans. Additionally, during January and February

of 2008, the new crop soybean futures used in pricing revenue products steadily

rose from $11/bushel to $14/bushel, which implies an average value of $600/acre

for 2008-09 soybeans.2 Ultimately, the tightening of soybean stocks, higher new

crop prices, and concerns that a significant increase of soybean rust infections in

2007-08 might affect soybean yields in 2008-09 led to a furious bidding war for

2008-09 acreage between the corn and soybean markets.

Soybean rust (Phakopsora pachyrhizi) is a fungal disease that can spread

rapidly across long and short distances (Brown and Hovmeller 2002). The disease

causes tan lesions on a plant’s leaf (NSRL 1995) and leads to premature defoliation

(Dunphy 2007, Pretorius 2001). In the U.S., soybean rust was first detected in

Florida in 2004, which prompted an inspection and tracking program by the USDA

(USDA-APHIS). In the following years, incidents of soybean rust infections have

been frequently reported further west and northwest – regions of major soybean

production. Since soybean rust has over 34 natural hosts, including common

2Based on an average yield of 43 bushels per acre.
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weeds such as kudzu (APS 1999), and winter climatological conditions in the

southeastern U.S. are favorable for soybean rust survival (Livingston et al. 2004,

NSRL 1995), the disease appears to be a long-term concern for U.S. farmers.

The transmission of soybean rust occurs when postules from already developed

lesions are carried by wind and rain to other locations. Typically, symptoms of

rust can be seen between 3-7 days after infection (ARS-USDA 1976), and soybean

plants can be infected at any growth stage (Dufresne and Bean 1987). Due to

the quickly spreading and highly infectious characteristics of this disease, there

exists a significant risk of infection and substantial yield loss. However, with

proper (although costly) treatment and prevention behavior, the disease can be

appropriately managed. The focus of this study is to examine the risks that

are associated with a soybean rust infection in order to understand whether the

benefits of preventing and mitigating such outbreaks outweigh the costs. With

current market demand for corn crowding out soybean acreage and decreasing

soybean supply, accurate knowledge of the infection risks might enable a better

understanding of highly susceptible locations, which can allow the targeting of

monitoring and mitigation efforts, cost minimization, and potential prevention of

reduced soybean production and stocks.

Using data from the infection tracking program enacted by the USDA, we

model the underlying risks of soybean rust infection in the United States by com-

bining extensive farm-level information with detailed data about climatological

and biological factors. Based on more than 32,000 inspections over the 2005-2007

period, we estimate and compare several empirical specifications for measuring

infection risks. Factors that contribute to the spatial and temporal spread of risks

7



are considered. The results of these models are then used to identify factors that

affect infection risks, calculate potential yield losses, and determine actuarially-fair

premium rates for agricultural insurance policies. These specific-peril insurance

plans can be used as additional or alternative methods of protection for soybean

growers to indemnify soybean rust infections. The following sections present a

detailed overview of the pathological attributes of soybean rust, potential impacts

of infection, empirical models and results, and estimates of premium rates for

annual insurance contracts.

1.1 Pathological Considerations of Soybean Rust

In order to develop a model that can accurately describe the spatial and temporal

infection risks of soybean rust, it is necessary to consider the pathological proper-

ties of the disease. Since soybean rust has been a factor in agricultural economies

outside of the U.S. for over a century, there has been a significant amount

of biological research that has studied infection and transmission attributes of

soybean rust. For our analysis, it is useful to employ this existing research in order

to understand important pathological aspects of the disease and how they influence

the spatial and temporal patterns of infection. It should be noted that, although

many of the pathological studies focused on small scale controlled experiments and

arrived at specific outcomes about the disease, we use these results as a foundation

for determining factors that might affect the spread of the disease on a larger scale

(for example, across counties).

Soybean rust is a fungal plant disease belonging to the “obligately biotrophic”
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fungi family. The disease is dependent on living tissue3 (Brown and Hovmeller

2002) and causes tan and dark brown lesions on a plant’s leaf (NSRL 1995). These

lesions spread throughout the green surface of a leaf, causing a smaller area for

the occurrence of photosynthesis. The fungus causes early defoliation, formation

of new postules that can spread to other leafs, destruction of the leaf chlorophyll,

and death of the plant (Dufresne and Bean 1987). The consequences of the disease

are fewer soybean plants per acre, fewer pods per plant, smaller pods, and fewer

seeds per pod – all of which imply lower yields (Dunphy 2007).

Plants are infected with soybean rust when spores of the disease land on the leaf

of the plant. Symptoms of the infection typically occur 4-5 days after inoculation,

postules can be seen 7-10 days after infection, and new spores that can spread

to other plants form within 2-3 weeks (APS 2006). Infection occurs very quickly,

and under normal climatological conditions, typical infection can occur in 4 to 12

hours (Marchetti, Melching, and Bromfield 1976). Dufresne and Bean (1987) notes

that the infection of a soybean plant can occur at any stage of the plant’s growth.

However, plants that are infected early in their life are much more susceptible

to increased damages (Dunphy 2007). It is important to note that soybean rust

cannot be transmitted in plant seeds or in the soil of infected plants. Yeh, Sinclair,

and Tschanz (1982) and Brown and Hovmeller (2002) point out that the fungi is

unable to survive in non-living plant debris, soil between plantings, and plant

roots.

Although soybean rust is highly susceptible to the fate of its host, a key aspect

of this disease is its rapid dispersion across a vast space. This requires that when

3This characteristic is common to the parasites that belong to the obligately biotrophic family.
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modeling the risks of soybean rust infection, it is necessary to control for the

correlation of risks across space. As Brown and Hovmeller (2002) describes, the

primary survival strategy of a fungal disease is long and short distance dispersal.

In modeling the spatial infection risks, it is intuitive to assume that distance and

risk have an inverse relationship. However, the factors that are most influential

in determining the spatial transmission of SBR are climatological. This implies

that accurately modeling the spatial aspects of infection risks requires knowledge

about the interaction of weather-related factors and infection probabilities.

In general, there are four biological characteristics that have been found

to significantly affect the spread and germination of soybean rust. Wind and

precipitation allow rust to be carried between different locations, and warm

temperatures and high moisture levels increase the probability of infection. In

our analysis, determining factors that affect the transmission of soybean rust

across space would increase the accuracy of modeling risk probabilities. Isard,

Comtois, and Russo (2005) predicted that soybean rust was carried to the United

States from either Africa or South America by tropical storms, and in general,

the frequency and quantity of rainfall is a primary factor affecting infection

rates (APS 2006). After the fungal spores are transmitted between locations,

germination of the disease is almost entirely dependent on the wetness of the

leaf and the air temperature. For spore germination to occur, only 3 to 6 hours

of leaf wetness (typical morning dew) is required (APS 2006), while maximum

infection takes place if a host leaf is wet for over 10 hours (Marchetti, Melching,

and Bromfield 1976). This implies that precipitation is an integral factor for

modeling infection risk, since it is not only a catalyst for disease transport, but
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also an important aspect of SBR germination. Thus, accurately determining the

patterns of precipitation between infected and non-infected locations would greatly

aid in appropriately modeling the spatial correlation of soybean rust risks.

Survival of soybean rust from one season to the next is highly dependent on the

life of the host plant. There is evidence that soybean rust spores can remain in a

dormant state for up to six months if temperatures do not fall below freezing

(Saksirirat and Hoppe 1991). So, host plants that are located in areas with

temperate winter climates provide an opportunity for soybean rust to survive

during the winter months. The southeastern United States, which often has

year-round above-freezing temperatures, high moisture levels, and prevalence of

kudzu, presents optimal conditions for soybean rust to remain an annual, long-

term concern for soybean growers.

In addition to climatological properties, there are other important factors

that affect the probability of soybean rust infection. Yang and Batchelor (1997)

found that relative humidity and temperatures have large impacts on determining

the spread of the disease. As noted by Roberts et al. (2006), planting dates of

soybeans have a significant effect on rust probabilities. Moreover, Tschanz and

Tsai (1982) found that the physiological age of a soybean plant is important in SBR

development. These factors imply that the choice of a soybean maturity group

as well as a grower’s decisions about soybean planting dates might be crucial in

accurately modeling infection risks.

Treatment of soybean rust is currently limited to the application of fungicide.

Tschanz, Wang, and Hu (1980) found that one of the most important factors in

the development of rust after infection is the use of fungicide. Livingston et al.

11



(2004) study yield losses from soybean rust in Brazil and Paraguay. They find

that application of fungicide after infection resulted in a 4.3% yield loss, while no

fungicide use led to a 25% reduction in yields. Roberts et al. (2006) considered

several types of fungicide applications to predict potential soybean rust effects in

the U.S. Table 1.1 presents potential losses in 2008-09, based on the alternative

fungicide application scenarios.

Table 1.1: Loss Scenarios under Fungicide Application

Fungicide (cost) Yield Loss (Loss+Cost)a Total Lossb

Preventive ($32.44/acre) 1% loss $38.04/acre $30,432

Curative ($22.49/acre) 7% loss $64.63/acre $51,704

No Application ($0/acre) 25% loss $150.50/acre $120,400

a (Revenue Loss + Fungicide Costs).
Assuming an average of 43 bushels per acre and $14.00 per bushel. Fungicide costs were collected
from Coastal Agribusiness (2008).
b Assuming an average farm with 800 soybean acres.

1.2 Model

In developing an insurance contract for addressing a particular hazard such as a

disease and the likelihood of infection, one design strategy is to quantify the risk

of the specific peril. Current insurance programs that provide relief in case of yield
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loss due to soybean rust are a part of all-risk inclusive plans, which may not reflect

the actuarially-fair premium rates for specific hazards. Existing yield, price, and

revenue plans of insurance often cannot appropriately measure all of the risks the

insurance policy intends to cover.

In some cases, there are hazards for risks which can be specifically identified

and quantified. For such a hazard, it is possible to derive actuarially-fair insurance

rates based only on the factors and risks applicable to the hazard. For example,

the risks of a flood or fire can be measured and used to calculate precise insurance

rates. In addition, measuring and quantifying these risks is often easier than

designing an insurance contract that attempts to examine the interdependence of

risks from all possible hazards. Similarly, it is appropriate to analyze the risks

that are specific to soybean rust, which could be used for a specific-peril insurance

contract for soybean rust designed to minimize the shortcomings associated with

all-risk contracts.

A central objective of any viable insurance plan is to maintain a loss ratio that is

at or below unity. The loss ratio measures the proportion of total indemnities paid

out relative to the total premiums collected. In order to preserve a relative equality

between indemnities and premiums, it is necessary to identify the actuarially-fair

insurance premium rate – the rate at which the loss ratio would be unity. For a

soybean farmer, an actuarially-fair premium rate is the ratio of the expected yearly

payment for soybean rust insurance to the total liability the farmer could incur due

to the disease under the terms of the insurance plan. In the case of an analogous

indemnification policy, an actuarially-fair premium rate would be calculated by

setting the expected payouts equal to payments into the indemnification fund.
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To be actuarially sound, an insurance plan must determine and model the risks

associated with a particular hazard in order to insure the premium rate is neither

too high nor too low. If the premium rate is set too high, then less risky farmers

will not purchase the insurance, potentially leaving a smaller, more risky pool of

insurance purchasing farmers. Conversely, premium rates set too low result in

indemnity payouts that are offset by the premium payments, leading the program

to be insolvent. Deriving an actuarially-fair rate involves modeling risks using a

conditional probability density function that describes the outcomes if a hazardous

event occurs.

Suppose that farmer i purchases an insurance policy that guarantees some

proportion, θ, of the expected yield, E[ y ], which can be expressed as θE[ y ],

where 0 < θ ≤ 1. If in year t, soybean rust reduces yields below the guaranteed

amount, then the farmer will receive a compensatory payment up to the yield

guarantee. Denoting the expected yield with µ, the indemnity payment is:

Indemnityi,t = Pricet ·max{0, θµ− yi,t}, (1.1)

where Pricet is a predetermined amount per unit of loss that is paid in case of a

loss. To calculate the actuarially-fair premium rates, it is necessary to calculate

the expected losses that a farmer in location i might incur. Normalizing the prices

paid for a loss to one, expected losses can be expressed as the product of the

probability of a loss and the expected loss, conditional on actual yields being

below the expected yields. This is expressed as:

E[ Loss ]i,t = Pr[yi,t < θµ] · (θµ− E[yi,t | yi,t < θµ]). (1.2)
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In some insurance programs, the loss occurs as a function of some binary event

with no provisions for partial payouts. For example, a life insurance payment is

made only if there is a death, and no other provisions result in partial payouts.

This structure can also be applicable to the cases of soybean rust, where an

infection corresponds to a loss that is compensated at a predetermined payment

level, thus simplifying the calculation of actuarially-fair premium rates for an

insurance policy. In this case, the actuarially-fair premium, which is set equal to

the expected loss, is determined directly by the probability of a loss occurring.

This is given by

Rate = E[ Loss ]i,t = Pr[Loss]i,t · P (1.3)

The total payment, P , is fixed in the amount that would cover the cost of a curative

fungicide treatment and a fixed percentage of yield loss. The subsidization of

curative fungicide through the indemnification policy can provide dual benefits.

First, because many of the curative fungicides can also be used for the purpose

of protection against future infection, their application can provide valuable

assistance in curing the current soybean rust outbreak, as well as preventing

future spread. Second, the treatment and prevention of additional infections

will help suppress the transfer of soybean rust to nearby farms. In this manner,

the subsidization of curative fungicide might be viewed as providing a positive

externality.

In this type of insurance policy, accurately modeling the probability of a loss

event is crucial in the determination of actuarially-fair premiums. In modeling

the probability of a loss, it is important to recognize the multitude of factors that
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might affect this probability. For example, crop decisions and planting dates are

important determinants of loss risk for soybean rust. Soybeans double-cropped

with wheat are often more susceptible to soybean rust because they are planted

later in the season. Since rust is most prevalent during the later summer months,

accurate assessments of infection and loss risks must be conditioned on planting

decisions. Another factor found to be important in influencing infection risk is the

soybean maturity group. Insurance contracts that identify deterministic factors

may produce more precise and actuarially-fair premium rates.

Another important issue for developing a specific-peril insurance product is the

insurance period. Typically, an insurance contract period is either specified for a

calendar or crop year, and the terms of the contract, such as the payment per unit

of loss, are determined prior to the beginning of the year. Due to this condition,

probability models must be based on information available prior to the beginning

of the insurance contract period. Any information that becomes known after the

start of the contract year must be assumed to be unknown by both the principal

and agent, and so cannot be used in devising a contract for that insurance period.

One example of information that is important to risk but which cannot be

determined prior to constructing a contract is weather. Infections of soybean rust

are significantly affected by different weather characteristics. However, accurately

predicting departures from normal weather conditions at distant periods (such

as those required in an insurance program) is difficult, if not impossible. For

example, knowing that in the previous year a particular area had heavy rains and

high winds, which caused increased rust infections, cannot be used in modeling

infection risks for the current year because these conditions might not repeat in
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the following year. Nevertheless, if there is knowledge that an area was highly

infected in year t − 1, and that the same area experienced warm temperatures

during the winter (which increases the probability of survival of soybean rust),

then this information can be used for contracts in year t, since these facts are

available prior to the start of the next insurance period. Additionally, long-run

weather patterns for a location can be used as measures of expected climatological

conditions.

These issues, which are important in devising an insurance contract, must

be taken into consideration when modeling the risk of soybean rust infection.

Factors used for conditioning the probability of rust must be measurable prior

to the beginning of the contract period. With soybean rust, there are a variety

of measurable spatio-temporal attributes that affect the likelihood of infection.

Because soybean rust spores are highly transferable and infectious, the likelihood

of finding soybean rust is significantly influenced by the spatial and temporal

juxtaposition of inspected farms. An appropriate risk-modeling technique for

successfully capturing these characteristics involves conditioning soybean rust

infection at a particular location on the historical infection status in nearby

locations. Such a conditional probability of infection is given by:

Pr[Si,t] = f(Si,t | Sj,t−1, . . . , Zi,t) + εi,t (1.4)

where Si,t corresponds to the number of soybean rust infections in location i during

time t, Sj,t−1 is the number of soybean rust infection in a neighboring location j

during time t−1, and Zi,t are other factors that increase the probability of soybean

infection in period t at location i. In our analysis, neighboring locations are defined
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as those that are connected by a common border, a major road, a body of water,

or if the locations meet at a corner. The random error term is represented by εi,t.

As with many insurance policies, there are often concerns about adverse

selection and moral hazard. The former refers to the concept that asymmetries in

information that are available to the principal and the agent can lead to a price

of an insurance policy that is too low or too high. Moral hazard occurs when an

insured agent intentionally contributes to the probability of loss. In general, the

principals attempt to enact policies that minimize both adverse selection and moral

hazard. For example, to address adverse selection, principals can: (a) require that

all acreage for a particular farm is insured; (b) establish contract dates prior to

critical information (such as weather) becoming available to the farmer; (c) provide

policies that span several years in order to prevent the purchase of a single-year

policy that might necessitate a large payout; or (d) offer area-wide programs.

Similarly, efforts to reduce moral hazard include the enactment of “good farming

practices” or documentation of required actions, such as receipts for fungicide

purchases.

Due to the novelty of soybean rust in the United States, the RMA has only

minimally augmented its premium rates to reflect the threat of this new disease.

This lag in implementing changes might increase the possibility of both adverse

selection and moral hazard. First, the premium rates used in many of RMA’s

insurance policies adjust quite slowly and depend on a long period of historical

data. Policies whose underlying rates have not incorporated the probabilities of

infection and loss due to soybean rust may be subject to an increased adverse

selection problem. Further, the RMA requires only a brief list of provisions a
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farmer must follow in order to qualify for coverage in case of damages due to

soybean rust. Insured agents must keep informed about soybean rust outbreaks

in the vicinity, know the methods for preventing and eradicating the disease, and

scout fields and document their findings. Most importantly, the current provisions

do not require a farmer to spray preventative fungicide – only curative fungicide

in the event of an outbreak – to be eligible for compensation.

In this study, we attempt to address the issue of adverse selection in two ways.

First, we calculate the probability of infection directly and compute actuarially-

fair premiums based on this probability. This rate should minimize the potential

for adverse selection given the focus on this specific peril. Additionally, we assume

the contract period begins on the first day of each calendar year, which precludes

farmers from learning climatological conditions during early spring. Knowledge

of weather patterns in early spring can affect the probability of a location to be

infected with soybean rust. Preventing farmers from knowing these conditions

prior to purchasing an insurance policy can assist in averting adverse selection.

Monitoring costs and other types of moral hazard might be minimal in a policy

for soybean rust protection because a farmer who does not apply fungicide will

experience a much greater loss than those who follow the application guidelines –

in this manner, cheating (shirking) is minimized.
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1.3 Empirical Framework

1.3.1 Data

This analysis uses farm-level inspection data, which are collected by the USDA,

the National Plant Diagnostic Network (NPDN), and the National Agricultural

Pest Information System (NAPIS). Inspection observations range between January

2005 and November 2007. Weather statistics for the same time period are obtained

from the North American Regional Reanalysis database, which is maintained by

the National Climatic Data Center (NCDC). Statistics about typical planting

dates and maturity groups were collected from various sources, including USDA’s

National Agricultural Statistics Service (NASS) and RMA. The data consists of

32,089 reported inspections from 1,097 U.S. counties, which are mostly located

within and east of the Great Plains.

The unit of observation in this analysis is the county. Although the data set

consists of farm-level inspections, neither the unique identification of farms nor the

exact geographical locations were available. However, in the case of soybean rust,

a county level analysis is appropriate in modeling infection risk and developing

an insurance contract. This is the case for several reasons. First, unlike other

diseases, soybean rust does not differentiate among different soybean cultivars,

implying that, under certain climatological conditions (mentioned previously), rust

can occur on any farm in the county. Second, because soybean rust is highly

contagious and easily transmitted, there is a significant probability for multiple

farms in the same county to be infected. Finally, determining insurance premiums

at the county level allows the smoothing of premium rates across individual farms,

20



which may be advantageous for insurance providers.

1.3.2 Econometric Specification

In modeling the risk of soybean rust infection, it is necessary to apply the

conditional probability described in equation (1.4) to the available data. Our

study considers several approaches to model this risk in an effort to appropriately

determine the best approach. The first approach is a simple probit specification

that models the probability of one or more infections in a county during a calendar

year. In this case,

Pr[Si,t = si,t|xi,t] = I{si,t > 0} · Φ(x′i,tβ) + I{si,t = 0} · (1− Φ(x′i,tβ)) (1.5)

where x is a vector of covariates, β is a vector of estimable parameters, and I{ · }

is an indicator function.

We examine both the Poisson and negative binomial processes to investigate

the count of rust infections. Modeling rust infections with a negative binomial

specification relaxes the Poisson assumption that the mean is equal to the variance.

The Poisson model used for modeling the infection counts in a county is as follows:

Pr[Si,t = si,t|xi,t] =
e−λi,tλ

si,t

i,t

si,t!
(1.6)

where λi,t = exp(x′i,tβ), and β is a vector of estimable parameters. Similarly, the

negative binomial representation is given by:
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Pr[Si,t = si,t|xi,t] =

[
Γ(si,t + 1

κ
)

Γ(si,t + 1)Γ( 1
κ
)

]
(κµi,t)

si,t

(1 + κµi,t)si,t+1/κ
(1.7)

where µi,t = exp(x′i,tβ), and κ is the coefficient of overdispersion. As the coefficient

of overdispersion decreases to zero, the negative binomial model collapses to a

Poisson specification. A likelihood ratio test can be performed to test the null

hypothesis, κ = 0.

An important aspect of the data introduces additional empirical challenges

with respect to the use of typical Poisson and negative binomial specifications.

Although the occurrence of soybean rust infections has been shown to increase

significantly over the time period of the data, there are a preponderance of

observations for which no rust was found. This characteristic of the data is

illustrated in figure 1.1. This might imply that counties with no rust finds come

from a data generating process that is neither Poisson nor negative binomial.

Without capturing the different data generating processes, modeling the entire

data set by using a single specification can lead to inaccurate parameter estimates

and inappropriate inferences.

Previous research indicates that regime switching-type models or mixture models

provide a more accurate representation of the zero and non-zero outcomes (for

example, see Heilbron (1989), Lambert (1992), and Johnson, Kotz, and Kemp

(1993)). These mixture models first capture the probability of an outcome

to be non-zero, and then represent the non-zero outcomes with a count-data

model. This type of approach is often referred to as “zero-inflated,” because

the probability mass at zero is inflated relative to a standard Poisson distribution,

and probabilities of the non-zero outcomes are scaled to sum to one.
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Figure 1.1: Total Soybean Rust Infections, in percent

In this study, the probability of at least a single soybean rust infection

is modeled using a probit model, and the Poisson and negative binomial

specifications are used to model the generating process of the positive rust

infections. The zero-inflated Poisson (ZIP) is as follows:

Pr[Si,t = 0|wi,t] = (1− Φ(w′i,tγ)) + Φ(w′i,tγ) · e−λi,t

(1.8)

Pr[Si,t = si,t|xi,t,wi,t] = Φ(w′i,tγ) ·
e−λi,tλ

si,t

i,t

si,t!
, for si,t ≥ 1
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where wi,t is a vector of covariates that determines the probability of at least one

infection, xi,t is a vector of covariates that is relevant to the number of infections in

a county that has at least one infection, and γ is a vector of estimable parameters.

Similarly, the zero-inflated negative binomial (ZINB) is given by:

Pr[Si,t = 0|wi,t] = (1− Φ(w′i,tγ)) + Φ(w′i,tγ) ·
[

1

(1 + κµi,t)1/κ

]
(1.9)

Pr[Si,t = si,t|xi,t,wi,t] = Φ(w′i,tγ) ·
{[

Γ(si,t + 1
κ
)

Γ(si,t + 1)Γ( 1
κ
)

]
(κµi,t)

si,t

(1 + κµi,t)si,t+1/κ

}

The covariates that are used in estimating the zero-inflated models are listed

in table 1.2. Many of the covariates are chosen to represent the information that

has been shown to affect the risks of soybean rust infections. Primarily, this is

related to the pathological characteristics of soybean rust.

In general, there are three important categories of the covariates: (a) the

ability for rust to be transferred from one county to another; (b) the conditions

that allow rust to reappear in the next year; and (c) the characteristics of soybean

planting practices. For example, the climatological interaction variables are used

to explain the patterns of spread of soybean rust, as well as the disease’s ability

to survive the winter. Attributes such as precipitation, wind speeds, and relative

humidity have been shown to significantly affect soybean rust spread. However,

additional information about the overwinter temperature, which has been shown

to be a primary reason for soybean rust survival over the winter months, can

be even more revealing. Specifically, a county that experienced high precipitation
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Table 1.2: Variable Descriptions

Variable Description

Zero Infections Inspections with no infections

SBR Research Sites Experimental plots for early detection

E[Net Farm Income] ($1,000) Expected net farm income

Soy : Other Grains Ratio of planted soybeans to other grains

Infections Inspections with an infection

Inspections IV estimate of inspections

Nearby Infections Number of infections in nearby counties in
previous years

Overwinter Temp/Precip. Interaction variable: Precipitation during
farm season (t-1) × Overwinter temperature.

Overwinter Temp/Humid. Interaction variable: Humidity during farm
season (t-1) × Overwinter temperature.

Overwinter Temp/Wind Interaction variable: Wind speeds during
farm season (t-1) × Overwinter temperature.

Soybeans Harvest:Planted Ratio of harvested to planted soybeans

Soybeans Plant Date Planting date of soybeans (RMA)

Soybeans Maturity Group 1 Maturity group of planted soybeans: 00 – 2

Soybeans Maturity Group 2 Maturity group of planted soybeans: 3 – 5

Soybeans Maturity Group 3 Maturity group of planted soybeans: 6 – 8
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and strong winds during the planting season (increasing the probability of soybean

rust infection) and then had no freezing temperatures in the winter (increasing

the probability of soybean rust survival) would be expected to have an increased

chance of developing rust in the next season.

To test for zero inflation, it is inappropriate to simply set the parameters of the

probit selection model to zero, because the standard models and the zero-inflated

models are nonnested.4 Rather, we use a nonnested test for competing models, as

proposed by Vuong (1989). The test compares the probability that the distribution

of one model is closer to the true distribution than the distribution of a competing

model. Since the maximum log likelihood of a model can be considered to be a

good estimate of the distance between the model and the true distribution, the

test is based on the likelihood-ratio statistic. The test statistic is as follows:

ν =

√
n
(

1
n

∑n
i=1 mi

)√
1
n

∑n
i=1(mi −m)2

(1.10)

where mi = log
(
f1(yi|xi)
f2(yi|xi)

)
, and fj(yi|xi) is the predicted probability for model j.

In our analysis, we denote the zero-inflated model with j = 1, and the standard

model with j = 2. For some significance level α, the test statistic ν has a limiting

standard normal distribution. For example, for α = 0.05, the test supports the

first model if ν > 1.96, the second model if ν < −1.96, and neither model if

−1.96 ≤ ν ≤ 1.96.

One issue that requires additional attention is the possibility of dependence

between the soybean rust finds and the number of inspections. Since observing a

4As described in Greene (2003).
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rust infection is wholly dependent on an inspection, it is expected that inspection

efforts might be targeted to areas with a larger probability of infection.5 This is

the case in our data set, which shows that 25% of the counties had more soybean

rust infections than in the previous year, and, on average, there were over two

additional inspections in the following year within those counties. This implies

that the probability of infection may be endogenous to the level of protection.6

This relationship is given by:

SBRt = Co + ψmt + δzt + εt (1.11)

where SBRt is the number of infections at time t, Co is an intercept term, mt

is the number of inspections, zt is a matrix of other explanatory variables and

cov[ mt, εt ] 6= 0. To address this potential endogeneity, we estimate the model

in two-stages. In the first stage, we regress inspections on a set of instrumental

variables as follows:

mt = C1 + θnt−1 + ηt (1.12)

where nt−1 is a vector of explanatory variables relevant to the number of

inspections. The explanatory variables are lagged to insure that they are

independent with the error term, ηt. Next, using predicted inspections, m̂t,

5Soybean rust infections can exist, but unless an inspection occurs, the infection remains
unobserved and unreported.

6The potential endogeneity can preclude using sentinel plots as the only unit of observation.
If the sentinel plots were randomly located, it may be possible to implement data collected only
from those locations – over 61% of inspections occurred on sentinel plots. However, because
sentinel plots are used as early warning mechanisms for surrounding producers, placement of
additional sentinel plots may depend on the level of risk at a particular location, which may
cause the data to be non-random.
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we estimate the second-stage specifications (for example, Poisson or ZIP) using

maximum likelihood. To derive a consistent estimate of the covariance matrix for

the parameters of the IV estimation, we use a bootstrap procedure. Specifically,

we randomly sampled with replacement from our data set, and parameters were

estimated for each replication. Using 5,000 replications, consistent standard errors

were calculated.

In some instances, it is possible to estimate a reduced-form equation, which

uses the instruments directly to estimate a one-stage specification. Still, this

would not allow for a direct interpretation of the structural coefficient of the

variable the instruments replace. In this study, however, we are interested

in measuring the effect of inspections on the probability of a soybean rust

infection. Further, predictions from structural and reduced-form linear models

are, in general, equivalent. In the case of highly nonlinear specifications such as

the zero-inflated Poisson and zero-inflated negative binomial, predictions might

be significantly different. Thus, because the main purpose of the instrumental

variables is to address the issue of endogeneity between the inspections and

soybean rust occurrences, we implement the structural model.

An additional issue considered is the potential presence of spatial autocorrela-

tion in the estimated residuals. Because we are employing a data set that has a

spatial dimension, it may be necessary to correct for the spatial autocorrelation

that could reflect the effects of omitted, spatially correlated variables. Although

there are non-structural methods to correct for the spatial correlation, we attempt

to capture these effects directly by including a variable that measures the number

of infections in neighboring counties during the preceding year. To test for

28



the potential significant effects of spatial correlation, we implement the non-

overlapping block bootstrapping procedure proposed by Carlstein (1986). This

technique involves randomly selecting an individual observation, and then adding

all other points that fall within the same time period and spatial block, l. In

general, blocks must be chosen such that the observations within each lth block

retain their spatial dependence, but each block’s residuals are not autocorrelated

with the residuals of any other block. In our model, we choose an lth block to

consist of observations that are within the same agricultural statistical district

(crop reporting district) of the randomly selected observation.7 The estimation

procedure using the block bootstrap follows that in ?.

1.4 Empirical Results and Analysis

The results of each specification are used to derive measures of the conditional

probability of soybean rust infection in each county. These probabilities can then

be applied to determine actuarially-fair insurance policies for losses related to

the disease. To model the spatio-temporal dispersion of rust more accurately,

several conditioning variables are used within various econometric specifications.

These variables are chosen in accord with past research about the pathological

attributes of soybean rust and biological characteristics of soybeans (discussed

above). Table 1.3 presents the summary statistics of variables that are used to

model infection risks.

7Agricultural statistical districts are defined by USDA-NASS.
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Table 1.3: Summary Statistics

Variable Obs. Mean Std. Dev. Min. Max.

Zero Infections 1097 14.56517 21.346794 0 386

SBR Research Sites 1051 9.425309 11.523594 0 97

E[Net Farm Income] ($1,000) 1095 16.64657 25.442635 -0.43038 237.9526

Soy : Other Grains 1097 0.330829 0.2477216 0 1

Infections 1097 0.99453 3.8990415 0 70

Inspections 1097 15.54512 10.387187 0 145.5053

Nearby Infections 1097 3.250683 8.2334806 0 120

Overwinter Temp/Precip. 1097 0.504137 0.2690798 0.034358 6022.19

Overwinter Temp/Humid. 1097 2476.9 1084.38 325.1107 6520

Overwinter Temp/Wind 1097 29.89339 32.721263 2.652159 330.0878

Soybeans Harvest:Planted 1097 0.761716 0.403619 0 1

Soybeans Plant Date 1097 June 15 5 days May 15 July 5

Soybeans Maturity Group 1* 1097 0.18596 0.38925 0 1

Soybeans Maturity Group 2* 1097 0.31267 0.46379 0 1

Soybeans Maturity Group 3* 1097 0.48314 0.49994 0 1

* Categorical variable. Set equal to 1, if county i plants soybeans of a maturity group in the
specified range; otherwise, set to 0.
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1.4.1 Results for Preliminary Models8

As discussed above, there is concern of endogeneity between the number of

probability of infections and the frequency of inspections. To address this issue, we

use instrumental variables (IV) to model inspections, and then use the estimates to

construct an uncorrelated predicted inspections variable within the specifications

that model rust infections. Ordinary least squares is used to estimate inspections

as a function of expected farm income, the proportion of soybeans planted to grains

planted in the previous period, and the number of inspections in the previous year

that did not find soybean rust.

Using the results from the IV model, a simple probit model was used to

estimate infection status within a discrete framework. If a county had one or

more infections, then its status variable was set to one; otherwise, it was set to

zero. Within the sample of 32,089 inspected farms in 1,097 counties, nearly 33% of

the counties had at least one soybean rust infection. The estimates indicate that

only the infections in the previous year, the proportion of soybeans harvested to

soybeans planted, and the maturity group of the planted soybeans are significant

in explaining infections in the current period. As expected, the model indicates

that infections in the preceding year are statistically significant in raising the

probability of infections in the current period. Also, the harvested-to-planted

coefficient seems to indicate that a county that has more soybean acres (and

accordingly more hosts) might be more susceptible to soybean rust infection.

These findings are consistent with past epidemiological studies (for example, see

8For brevity, the results for preliminary models are not reported in detail; however, a concise
discussion of these results motivates the explanation of the results for the preferred models.
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Kim and Shanmugasundaram 1979). Finally, even though all soybean varieties

are susceptible to rust, the maturity group coefficient appropriately indicates that

later-maturing soybeans tend to be more likely to be infected. This is due to

the fact that maturity groups correspond to the location and climate in which

soybeans are grown. Soybeans that are identified with a higher maturity group

are typically grown in the southern United States, where conditions for soybean

rust infections are more favorable.

To exploit the discrete counts of infection, the Poisson and negative binomial

processes are used as alternative models to the probit specification. As with the

probit model results, the historical infection status, ratio of harvested to planted

soybean acres, and soybean maturity group significantly increase the probability of

soybean rust infections. Additionally, results of the Poisson specification indicate

that an increase in the number of inspections and/or nearby infections will increase

the probability of soybean rust infection. These relationships are consistent with

the spatial and climatological research, which suggests soybean rust can affect

locations situated near already infected areas, historically infected areas are more

susceptible to future infections, and weather patterns are a significant factor in

determining the probability of soybean rust infections.

The results of the negative binomial specification are similar to the Poisson,

except for insignificant coefficients on the inspections and nearby infections

variables. Both the Poisson and negative binomial models indicate similar patterns

of infection risk, which is mostly concentrated in the southeastern U.S. and the

Mississippi delta. However, the results also indicate a significant probability of

infection in the Mid-West and Great Plains regions.
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1.4.2 Results for Preferred Models

As noted above, the preponderance of observations that have no soybean rust

infections might adversely affect the empirical results when fitting the simple

Poisson and negative binomial processes to the data. In light of this, we use

two “zero-inflation” models, which are variations on the Poisson and negative

binomial specifications. The estimation of the zero-inflated models is performed

using the maximum likelihood approach, and the results are listed in table 1.4

(ZIP) and table 1.5 (ZINB). These models provide a much richer understanding

of the effects that important spatial, temporal, and biological factors on soybean

rust infection probabilities. Additionally, the results of Vuong’s non-nested test

suggest that in both the Poisson and negative binomial cases, the zero-inflated

specification is favored.9

Generally, the coefficients in the two specifications indicate similar relation-

ships between infection probabilities and the explanatory variables. In the probit

selection models for ZIP and ZINB, the direct relationship between the lagged

infections variable and the probability of no infection seems to indicate that there

might be a risk mitigation or preparation effect. A location that has been infected

in the previous year may apply preventive measures, which could lead to a decrease

in infection probability in the following year. Specifically, a one-percent increase in

infections during t implies a 0.183% (ZIP) and 2.74% (ZINB) decrease in infection

probability at t+ 1. In the ZINB model, this relationship is also indicated by the

coefficient on the lagged nearby infections variable, which shows that a one-percent

increase in infections in neighboring counties at time t will cause a 1.21% decrease

9For ZIP vs. Poisson, ν = 4.3342; for ZINB vs. negative binomial, ν = 5.0301
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Table 1.4: Two-Stage Bootstrapped Zero-Inflated Poisson Model Results

Table 3: Two-Stage Bootstrapped Zero-Inflated Poisson Model Results

...................... Probit Selection Model ...................... ....... Zero-Inflated Poisson Model for Positive Infections .......

Parameter Estimate Std. Error Elasticity Parameter Estimate Std. Error Elasticity

Intercept 2.9542*** 0.05824 Intercept 3.511*** 0.03207
Infections, t− 1 0.3088*** 0.0553 0.183 Infections, t− 1 0.02893*** 0.001959 0.022
IV Inspections -0.00373 0.00286 -0.002 IV Inspections 0.02388*** 0.000999 0.371
Nearby Infections, t− 1 -0.00316*** 0.000953 -0.002 Nearby Infections, t− 1 0.01514** 0.001818 0.037
Overwinter Temp/Precip. -0.02512* 0.01623 -0.012 Overwinter Temp/Precip. 0.3081*** 0.05312 0.155
Overwinter Temp/Humid. -0.00016** 0.000022 -5.7E-05 Overwinter Temp/Humid. 0.00012*** 0.000012 0.277
Overwinter Temp/Wind -0.00046 0.00142 -0.00023 Overwinter Temp/Wind 0.002187** 0.000872 0.065
Soy Harvested:Planted 0.4932*** 0.07422 0.318 Soy Harvested:Planted -0.01544 0.04496 -0.012
Soy Plant Date -0.00009*** 3.48E-06 -5.9E-06 Soy Plant Date -0.00041*** 1.91E-06 -6.882
Soy Maturity: Group 2 -1.8709*** 0.1123 -0.538 Soy Maturity: Group 2 2.4141*** 0.1134 0.731
Soy Maturity: Group 3 -1.1226*** 0.07046 -0.331 Soy Maturity: Group 3 3.2713*** 0.03361 1.560

AIC 3,006.1
SBC 3,116.7

*** indicates significance at the 1% level
** indicates significance at the 5% level
* indicates significance at the 10% level
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Table 1.5: Two-Stage Bootstrapped Zero-Inflated Negative Binomial Model Results

Table 4: Two-Stage Bootstrapped Zero-Inflated Negative Binomial Model Results

...................... Probit Selection Model ...................... ... Zero-Inflated Negative Binomial Model for Positive Infections ...
Parameter Estimate Std. Error Elasticity Parameter Estimate Std. Error Elasticity

Intercept -1.3184** 0.5608 Intercept -1.7058 2.5586
Infections, t− 1 4.6341*** 0.6268 2.74 Infections, t− 1 0.1061*** 0.01799 0.079
IV Inspections -2.1282*** 1.3619 -1.015 IV Inspections 0.03569*** 0.003132 0.555
Nearby Infections, t− 1 2.4395*** 0.2619 1.212 Nearby Infections, t− 1 0.01622* 0.005938 0.040
Overwinter Temp/Precip. -1.3411*** 0.5219 -0.664 Overwinter Temp/Precip. 0.1679* 0.09977 0.085
Overwinter Temp/Humid. 0.002722*** 0.00021 9.69E-04 Overwinter Temp/Humid. -0.00003 0.000023 -0.069
Overwinter Temp/Wind -0.5798 1.1887 -0.287 Overwinter Temp/Wind 0.003659** 0.001733 0.109
Soy Harvested:Planted 6.4311*** 0.5951 4.155 Soy Harvested:Planted 0.3958*** 0.07185 0.301
Soy Plant Date 0.000703** 3.2E-05 4.6E-05 Soy Plant Date -0.00001*** 3.47E-06 -0.168
Soy Maturity: Group 2 -3.5885*** 0.8677 -1.031 Soy Maturity: Group 2 2.2428 1.8364 0.679
Soy Maturity: Group 3 -11.6911*** 0.6839 -3.449 Soy Maturity: Group 3 3.3707** 0.8168 1.607

AIC 2,225.4
SBC 2,340.8

*** indicates significance at the 1% level
** indicates significance at the 5% level
* indicates significance at the 10% level
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in infection probability at t+ 1. The smaller decrease in infection probability may

be due to the fact that farmers might have more incentive to prevent the disease

if it was found in their county, rather than if it was found in at a nearby location.

Finally, the plant date variable indicates that in each successive year, there is a

decrease in the probability of infestation. This may imply that with additional

information about soybean rust, soybean producers adapt their behavior in order

to lower the risk of infection.

Additionally, the zero-inflated negative binomial model appropriately describes

the effects of climatological factors on SBR infection probabilities. For example,

an additional percentage increase in the value of the variable that describes the in-

teraction between the precipitation in t−1 and overwintering temperature implies

a 0.664% increase in the probability of soybean rust infection. Similarly, infection

probability rises if there are higher wind speeds and temperate overwintering

temperatures.

The ZINB model (table 1.5) also indicates a significant effect of soybean

maturity groups on the infection probability. Maturity groups correspond to the

geographical planting location and the time to maturity of a soybean plant. There

are ten total soybean maturity groups (see McWilliams, Bergland, and Endres

(1999) for a biological overview of soybean maturity groups), which were grouped

into three categorical variables according to geographical regions. In the empirical

specification, these groups were modeled as dummy variables. Relative to soybeans

that are in maturity groups ranging between 00 and 2 (the base group), plants

that are between maturity groups 3 and 5 are 3.5885 times more probable to

be infected, and those that are of maturity groups ranging between 6 and 8 are
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11.6911 times as susceptible. This is consistent with the pathological behavior of

soybean rust. Soybean plants that are in a higher maturity group are planted in a

more southern region and take longer to mature, which makes them increasingly

susceptible to SBR infection.

When comparing the two models, it is often useful to examine the information

criteria measures such as AIC and SBC. These indicate that the ZINB provides

a better fit than the ZIP model. For the ZINB model, the predicted probabilities

are presented in figure 1.2. As do all of the specifications, both of these models

indicate high probabilities of infection in the South and Southeastern U.S. These

results confirm outcomes of past studies, which show that optimal conditions for

soybean rust exist in the southeastern states.

Finally, to consider whether including a variable that describes infection status

in nearby counties is sufficient to capture the spatial correlation of infections, we

re-estimate the models using a moving block bootstrap procedure. In general, the

results are quite similar to those that were estimated without the block bootstrap.

One major difference, which was typical in each block bootstrapped model, is

the statistical insignificance of the nearby infections coefficient. This result

suggests that directly controlling for the spatial autocorrelation of residuals, by

including a structural component such as the infection status of nearby locations,

is appropriate for this model. When an explicit correction for spatial correlation

is performed using the moving block bootstrap, this particular variable becomes
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insignificant.10

1.5 Indemnification Premiums

The primary goal of the preceding analysis was to construct models that can

measure the risk of a soybean rust infection, and then use these probabilities to

determine actuarially fair insurance or indemnification premiums. In our analysis,

an actuarially-fair premium is determined directly from the expected loss, which

is calculated by using the conditional probabilities of soybean rust infection from

the above models. The expected loss is as follows:

E[ Loss ]i,t = Pr[ Countyi,t = Infected|Xi,t ] · Payment (1.13)

where the infection status in county i at time t is conditioned on covariates Xi,t.

An equivalent representation of equation (1.13) is given by:

E[ Loss ]i,t = Fi,t(Xβ) · Payment (1.14)

where Fi,t(·) are measures of conditional infection risk that are determined by

each empirical specification.11 Payment, which represents the indemnity payment

per acre for losses due to a soybean rust infection, is assumed to correspond to

10The ability of soybean rust to spread rapidly over space might suggest that the spatial
dependence of infections may be across a larger geographic area. In an attempt to address this,
the lth block was expanded to include the agricultural statistical district (ASD) as well as all
bordering ASDs. However, the results were not significantly different from performing a block
bootstrap that use a smaller geographical area. This implies that the convergence of parameter
estimate variances was successfully achieved without the need to expand the size of the block.

11Under the construction of the insurance model discussed above, the estimated probability
of infection is equal to the premium rate.
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each of the three loss scenarios described by Roberts et al. (2006). The authors

define potential yield losses as a function of fungicide application. If preventive

fungicide is applied, then the predicted losses due to soybean rust is estimated to

be approximately 1%. Applying curative fungicide would result in approximately a

7% yield loss. We assume a fixed indemnity is paid to the grower to compensate for

the cost of the curative fungicide and the 7% yield loss. In addition, this payment

would be made to all growers within the county, regardless of whether a grower has

reported an infection or not (since this is a county-level insurance policy), which

can be used as a loss mitigation treatment. To determine the expected worth of

losses, we use new crop discovery prices estimated by the USDA-RMA (2008). The

new crop discovery prices are intended to be used for revenue insurance products,

which depend on November new crop soybean futures. Thus, for our analysis

Payment for county i is expressed as:

Payment = (Insured Acres)i,t·{(Yieldi,t · Percentage Lost) · SXt + Fungicide Cost}

(1.15)

where InsuredAcresi,t corresponds to the insured soybeans acres in location i

at time t, Y ieldi,t is the bushels of soybeans per acre, SXt is the USDA-RMA

discovery price for time t, and Fungicide Cost refers to the $22.49 per acre price

of curative fungicide. The estimated actuarially-fair premium rates are presented

in table 1.6. These rates are significantly different between the northern U.S.

and southern U.S. regions, due to the significant differences in the probabilities of

soybean rust infection. This suggests that the accuracy of premiums rates strongly
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depends on location.

Table 1.6: Summary Statistics of Estimated Premiums Rates for Soybean
Infections: 7% Loss Coverage

Model Mean Median Std. Dev. Min. Max.

.................. Maturity Groups: 00 – 2 ..................

Probit 0.0154573 0.0150272 0.0028438 0.0017594 0.021586
Poisson 0.0148683 0.014368 0.0032405 0.0085818 0.0298839
Negative Binomial 0.0145988 0.0144856 0.0021095 0.0064503 0.0216479
ZIP 0.00008365 6.0252E-05 8.8292E-05 6.9949E-06 0.00082119
ZINB 7.5003E-05 6.5668E-05 4.2011E-05 1.9692E-06 0.00029838

.................. Maturity Groups: 3 – 5 ..................

Probit 0.1180732 0.1187277 0.0163185 0.027352 0.1815636
Poisson 0.1615536 0.1533914 0.0456871 0.0920677 0.5307677
Negative Binomial 0.1346554 0.1313644 0.0259878 0.0652906 0.3664203
ZIP 0.0751452 0.0654753 0.0440742 0.0223005 0.4629237
ZINB 0.0799501 0.0728483 0.0419032 0.0123704 0.4969438

.................. Maturity Groups: 6 – 8 ..................

Probit 0.3587347 0.3483287 0.0589317 0.2124356 0.6087299
Poisson 0.4852171 0.4839556 0.0480797 0.363043 0.5944294
Negative Binomial 0.3034229 0.2984571 0.0407754 0.1982414 0.5237806
ZIP 0.415453 0.4116525 0.053295 0.2790147 0.5892851
ZINB 0.3834445 0.3770635 0.0655046 0.1770288 0.6024985

In the preferred ZINB model, the average premium rate for the most northern

U.S. region was less than 1%. In between Northern and Southern U.S., the average

41



premium was 7.995%, but some were as low 1.24% and as high as 49.69%. Finally,

in the most southern U.S. region, the average premium rate is 38.34%, and ranges

between 17.7% and 60.25%. These significant differences within and across regions

reveal a substantial degree of spatial heterogeneity in the risks of soybean rust

infection. Additionally, the uncertainty range for predicted probabilities is shown

in figure 1.3. There is an exponential increase in infection probabilities across

soybean maturity groups which, in general, represent the geographic location of

planted soybeans. The smallest uncertainty is in northern locations (maturity

groups 00-3), which have an overall low probability of infection, and the most

southern location (maturity group 8), because the favorable climatological factors

for soybean rust survival reduce the uncertainty of infection. The greatest

uncertainty exists in locations in which soybean rust infections are affected most

by climatological patterns.

Moreover, as additional data about rust infection patterns becomes available,

the calculated premium rates would require updating and are likely subject to

change. The changes in the calculated probabilities can be greatly influenced by

the potential for continuing northward movement of soybean rust in the United

States. Due to the ability of soybean rust to overwinter only in the southern

and southeastern regions of the United States, the disease is reintroduced to

the northern regions each planting season. The degree to which soybean rust

moves north is determined by the amount of inoculum that accumulates during

early spring in the southern United States. A spring season characterized by

warm temperatures and significant precipitation could imply a faster and more

intense accumulation of inoculum, thereby leading to a much higher probability
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for the spread of soybean rust into the North. This would increase the infection

probabilities in the northern U.S. regions, and consequently raise premiums.

1.6 Conclusions and Policy Implications

In this analysis, we develop and evaluate several methods for modeling infection

risk of soybean rust in the United States. The disease is highly infectious and

can cause significant losses of soybean yields. Additionally, due to turbulent grain

markets which have led to a significant rise in soybean prices, the potential for large

economic losses due to SBR is accentuated. A brief overview of the disease as well

as its pathological characteristics is provided, and climatological conditions are

shown to be the primary factors in recognizing the ways that soybean rust spreads,

germinates, and damages soybean plants. We also discuss the methodology by

which we design an insurance policy that could be used to offer protection for

U.S. soybean growers.

To ensure the insurance premium rates accurately reflect the risks associated

with soybean rust infection, our analysis defines a single-peril insurance program

that offers indemnity payments for damages related to soybean rust. A single-peril

insurance policy overcomes a major disadvantage of a multiple-peril plan, which

covers all losses that might be caused by a variety of hazards. Due to the extreme

complexity of quantifying all possible risks associated with multiple-peril insurance

coverage, premium rates based on aggregate risk measures may be inaccurate.

These rates often provide cheaper coverage for high-risk areas and more expensive

coverage for low-risk locations. This skews insurance protection benefits, and
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consequently participation, in favor of high-risk growers. The empirical models

used in this analysis provide explicit measures of soybean rust infection risks and

the associated expected losses at the county level. These measures are then used

to determine actuarially-fair premium rates that are appropriate for losses from

soybean rust infection. The results reveal there might be significant differences in

infection probabilities and associated premium rates among different locations.

Estimation of the infection risks and the associated premium rates was

performed by using empirical models incorporating important spatio-temporal

attributes of soybean rust. The likelihood of disease infection was shown to

be significantly dependent on the infection status of neighboring locations and

the infections in the previous period. To estimate the infection probabilities,

we consider several econometric specifications that model the binary infection

status and/or the count-data attributes of soybean rust infections. Further, due

to the preponderance of observations where no infections were found, we consider

“zero-inflated” alternatives of the typical count-data models. Lambert’s (1992)

zero-inflated Poisson (ZIP) and the zero-inflated negative binomial (ZINB) are

two specifications used in this analysis. Additionally, we adjust for potential

endogeneity between the number of inspections and the number of infections

by introducing instrumental variables. This endogeneity might be caused by an

increase in inspections by policy makers in areas having a large probability of

infection.

The estimated actuarially-fair premium rates can be employed by U.S.

policy makers to formulate an effective risk management program for U.S.

soybean producers. Models used in this analysis differentiate infection risks
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according to regional climatological conditions, farming decisions, and production

characteristics of specific counties. Knowledge of these factors can allow policy

makers to assess and quantify the effects of each measure, and then develop specific

mitigation efforts.

Based on the preferred ZINB model, average premium rates were 1.59% in

Northern U.S. regions, and 27.66% in the Southern U.S. Because soybean rust is

a relatively new plant disease in the United States, current multiple-peril policies

might not have adjusted their premium rates to reflect the risks associated with

SBR. Accordingly, it is quite realistic to develop a single-peril insurance plan

that would offer these actuarially-fair and cost-effective premiums for indemnities

paid due to soybean rust infection. However, as additional data about the

overwinterization and spread patterns of soybean rust in the United States become

available, premiums should be updated to reflect accurate infection probabilities.

Knowledge about the behavior of inoculum accumulation in the southern U.S.

region during early spring can lead to more precise measurements of infection

susceptibility and premiums in northern U.S. regions.

Future work on this topic might include a comparison of additional models that

can be used for analysis of panel data. For example, it can be useful to consider

a specification such as a random effects model. A straightforward application

of this model is beyond the scope of our analysis for several important reasons.

First, the data suggest that we not only use a limited dependent variable model,

but require a regime switching structure to account for the preponderance-of-

zeros problem previously discussed. Next, due to the randomness of infection

behavior by invasive species, in general, it is almost never possible to attain a
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balanced panel data set. The use of an unbalanced data set creates additional

specification issues. Finally, using a standard random-effects model restricts

the out-of-sample predictions to only counties that are included in the sample.

Although appropriately addressing these concerns is outside the realm of this

study, such extensions form an important basis for future work.

47



Chapter 2

Don’t Compensate, Mitigate: Welfare Impacts

of Check-Off Programs for Wind-Borne Diseases

in the U.S.

United States agriculture is constantly at risk for infection by an invasive plant

or animal disease. In recent years, wind-borne diseases have posed significant

threats to major U.S. crops. For example, citrus canker led to a considerable

negative impact on Florida’s citrus industry, soybean rust (SBR) has become an

annual threat to the world’s largest soybean exporter, and karnal bunt caused

substantial yield losses in the southwestern U.S. (USDA/APHIS). Additionally,

Ug99, a variety of wheat and barley stem rust, is perhaps the most dangerous of

all recent wind-borne invasive species and can cause severe losses if it enters North

America.

Substantial efforts have been made to analyze the pathological characteristics

and economic risks that are associated with these disease types. In many cases,

the primary protection option for growers is to purchase an insurance plan,
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which provides indemnity payments upon infection. The indemnity payments

compensate the farmer for any yield losses as well as provide the necessary funds

for curative fungicide. However, such compensatory policies may be hampered

by low participation due to the uncertainty of year-to-year wind-borne disease

infection rates. During times in which conditions are favorable for a particular

wind-borne disease to spread and germinate (such as years with cool and rainy

summers or with an active hurricane season), farmers that have not purchased an

appropriate insurance policy can suffer significant losses. Additionally, without

incentives (or funds) to cure the disease after infection, there is a high probability

of the disease spreading quickly to neighboring farms, creating the potential for

large geographical areas to sustain catastrophic damages.

We propose an alternative to such compensatory indemnification policies.

Rather than purchasing an insurance plan, all growers participate in a check-off

program that contributes a small percentage of revenues to a collective fund. Upon

discovery of an infection at a particular farm, all farmers in the surrounding area

who face the risk of infection will receive a payment to implement preventative

methods, such as fungicide application. This not only addresses the direct source

of the loss, but can also mitigate the potential for further spread.

Even in years when wind-borne diseases do not cause major yield losses,

revenues from the check-off program can be an important resource. For example,

the fund can be used to build up monetary reserves in case of a future disease

epidemic or subsidize important research for developing disease-resistant crops.

Also, fund revenues might be used to support the continuation of sentinel plot and

tracking programs, which can often provide early warning of regional wind-borne
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disease infection and assist local farmers in preventing wide-spread infestation.

Such initiatives have been managed by the USDA, but due to high upkeep costs,

such initiatives are often discontinued after several years.1

To analyze the proposed policy, we construct a model that illustrates the

welfare effects associated with a wind-borne disease infestation for a commodity

market that has a standard versus a check-off program. Then, we implement an

equilibrium displacement model to simulate the various scenarios and determine

empirical estimates of the welfare effects. Specifically, we consider the U.S. soybean

market and simulate the institution of a check-off program that indemnifies losses

and provides mitigation payments to soybean producers that are at risk for

soybean rust infection.

For the case of soybean rust, we find that implementing the mitigation policy

by using a check-off on soybean producer revenues generates a significant monetary

fund with minimal costs to the producer. Most of the check-off is transferred onto

the consumer in the form of an increased price paid for soybeans. Additionally,

the deadweight loss is small at about 0.071% for every dollar contributed to the

fund. More importantly, the benefits of a mitigation policy relative to a standard

indemnification program are significant. Under the mitigation scheme, yield losses

from an infestation are 1.52% – 4.47% less than under a standard program, and

increases in prices paid by consumers are $0.88 – $2.51 less per bushel after

infestation. Similarly, producers can avoid between $604 million and $1.7 billion

annually in negative surplus and costs.

1The costs of these programs are often prohibitively expensive, disallowing the USDA/RMA
from continuing to fund them indefinitely. For example, the tracking and sentinel plot program
for soybean rust cost $1.7 million annually (Bennett 2008).
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In the remainder of this paper, we describe the welfare effects of a wind-

borne disease outbreak on a particular industry under the standard and check-off

policies. Next, we outline the equilibrium displacement model and its application

to the U.S. soybean industry. The equilibrium displacement model is then used to

simulate the market effects of a check-off program and a soybean rust infestation

under the two policy alternatives. Finally, the simulated welfare effects are

compared and their implications discussed.

2.1 Welfare Analysis

The focus of this study is to examine the welfare effects of wind-borne infestations

within U.S. agriculture. Specifically, we consider the case of soybean rust,

which is a fungal disease that can spread rapidly across long and short distances

(Brown and Hovmeller 2002). In general, soybean rust shares many pathological

characteristics with other wind-borne plant diseases.2 Transmission typically

occurs when postules from developed lesions are carried by wind and rain, and

disease germination can happen within days. Wind-borne diseases can often

infect a spectrum of host organisms, which further increases the speed and

breadth of spread. Most importantly, however, spread and infection are closely

tied to weather-related conditions. Wind and precipitation patterns as well as

temperature and air moisture are the primary factors that affect the probability of

infection and survival of wind-borne invasive species. In the United States, the vast

2See chapter 1 and Roberts et al. (2006) for an overview of the pathological characteristics of
soybean rust and the effects of the disease in the United States. For examples and descriptions
of other wind-borne diseases in the United States, see Roelfs (1989), Palm (2001), Davis (1987),
and Shiyomi and Koizumi (2001)
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land mass, numerous varieties of susceptible hosts, and relatively unpredictable

annual weather patterns are characteristics that are favorable for serious wind-

borne diseases and long-term concerns for the agricultural sector.

To start, we consider those that can be affected by an outbreak of a wind-borne

disease: (a) the farmer, who is directly impacted, incurring eradication costs and

potential yield losses; (b) the consumer, who faces higher prices due to the negative

supply shock associated with yield losses; (c) nearby farmers, who may need to

consider costly preventative efforts; and (d) taxpayers, who may sustain increased

tax outlays if eradication costs and yield losses are compensated by subsidized

crop insurance or disaster relief plans. Current insurance and indemnification

policies only compensate losses that are associated with (a), the farmer, and do

not address the other affected groups.

As an alternative to the current indemnification system, we propose a plan

that provides an indemnification mitigation payment to growers that are infected

as well as a mitigation payment to those that face the risk of infection through

spread. The mitigation payment is used to implement methods that can prevent

infection, such as applying preventative fungicide. In this manner, both the direct

and indirect sources of loss are addressed, and the potential of further spread is

minimized. As shown in table 1.1, in the case of soybean rust, the implementation

of preventative rather than curative methods produces significant benefits through

avoided yield losses. Funds for mitigation payments are collected using a check-off

assessed at the first point of sale.

The benefits of the alternative mitigation policy might be better characterized

by drawing a parallel with programs that offer free or subsidized influenza
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vaccinations. Influenza is a highly mobile and infectious disease, which can lead to

high treatment costs due to various types of complications and acute respiratory

illnesses as consequences of influenza. As shown by Wood, Alexseiv, and Nguyen

(1999), these treatment costs (often paid by insurance companies or government-

sponsored health programs) can be significantly larger than costs associated with

providing preventative options, such as vaccinations. It is also important to note

that it might also be beneficial to provide vaccinations to those that are not

insured, because carriers of influenza can transfer the disease to those whose

treatment costs are paid for by an insurance or government agency, which can

also lead to expenses that outweigh the costs of providing vaccinations. Similarly,

producers of an agricultural commodity that may be at risk of being affected by

a highly mobile and infectious wind-borne disease may have a strong incentive to

participate in a program that seeks to mitigate the spread of this disease.

There are two crucial aspects of wind-borne diseases that may suggest that

greater social welfare can be attained by implementing a mitigation policy rather

than a direct compensation scheme. First, it is necessary to consider the prevalence

of infections in surrounding locations. Because wind-borne diseases can spread

very quickly across a wide area of land, policies that seek to mitigate such spread

may be able to prevent the possibility of exponentially growing infection rates.

In the case of soybean rust, figure 2.1 illustrates the probability of a reported

infection at nearby farms after the initial infection.3 In this data,4 we can only

observe infections within a particular county; due to this, we are unable to directly

3In this study, we specify nearby farms as those that are in the same county as the infected
farm.

4The data are collected by a USDA soybean rust tracking program. For a full description of
the data, see chapter 1.
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observe whether a reported infection within a county refers to an infestation on

the same farm or on a nearby farm. However, the data has been screened so that

all reported infections from within a particular county on any one day are not

from the same location. This prevents farmers and field agents from reporting a

single instance of an outbreak more than one time.5

In light of the data constraints, we consider several scenarios for estimating

the prevalence of soybean rust spread to nearby locations. We assume that there

exists a waiting period that may account for the fact that infections that are

reported within several congruent days are observed at the same location. Using

the waiting period approach to determine the number of infections that occur at

nearby locations, we consider the first instance of a soybean rust observation in

a particular county. Then, any additional reported infection in the county that

falls within the waiting period is considered to have occurred on the same farm,

and is not counted as a nearby infection. However, any report of an infection that

occurred after the waiting period expires is assumed to be due to spread onto a

nearby host. To account for the possibility of spread that may occur on the same

day, we also estimate the prevalence of spread with no waiting period. We choose

waiting periods of 0, 3, and 5 days (soybean rust lesions can be detected 7-10

days after germination and spread can occur 12-21 days after the initial infection

(APS 2006)), and find that the probability of an additional reported infection

at a nearby location is 59.3%, 39.4%, and 33.2%, respectively.6 These estimates

5For example, a farmer may report two instances of a soybean rust infection that was found
on different cultivars grown on a single farm. However, within the data set, this is counted as a
single positive observation.

6Only those additional infections that are reported within 30 days of the initial outbreak are
assumed to have a dependence on the original discovery.
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indicate that a wind-borne disease such as soybean rust can become a widespread

concern within a short period of time.

Another characteristic of wind-borne diseases that may suggest the implemen-

tation of a mitigation policy is the potential for a catastrophic loss associated with

an invasive species. The unpredictability of climatological factors and, in many

cases, the absence of disease-resistant crops may cause an isolated infection to

become a widespread outbreak. Although the actuarially-fair insurance rates are

determined according to the expected loss, in years during which a large infestation

occur, causing catastrophic losses, actual losses may exceed the available funds of a

standard insurance policy (and re-insurance policies may also fall short). However,

a check-off program, which targets a specific source of loss and generates a single-

peril fund may be more suited to build reserves for years in which greater-than-

typical yield losses occur.

The welfare effects of a check-off program are shown using comparative statics

and illustrate the impacts of a wind-borne disease on consumers, producers, and

society within a particular commodity market. Figure 2.1 presents a representation

of the commodity market under four possible scenarios: (a) an initial market

equilibrium without a check-off program; (b) a shock to the market in (a) due

to an outbreak of a wind-borne disease; (c) an initial market equilibrium with

a check-off program; and, (d) a shock to the market in (c) due to an outbreak

of a wind-borne disease. In each scenario, we provide the associated price paid

by consumers and price received by producers, quantity supplied, consumer and

producer surplus, producer costs, deadweight loss, and, in the case of a check-off

program, a fund that would be used for indemnification and mitigation payments.
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Figure 2.1: Probability of Infection at Nearby Farm, After Initial Outbreak.
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(a) Probability of infection in a county after 0 days of previous infection.
Pr(Nearby Infection) = 59.3%

(b) Probability of infection in a county after 3 days of previous infection.
Pr(Nearby Infection) = 39.4%
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(c) Probability of infection in a county after 5 days of previous infection.
Pr(Nearby Infection) = 33.2%
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Figure 2.2: Welfare Effects of a Check-off Program.
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Figure Key

Element Definition

E Market equilibrium
CS Consumer surplus
PS Producer surplus
PC Producer costs (assumed to be fixed after planting)
0 Initial market equilibrium
WBD Wind-borne disease infection
co Check-off program
PC Price paid by consumer
PP Price received by producer

(a) Initial market equilibrium
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(b) Wind-borne disease infestation

(c) Market equilibrium with a check-off program
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(d) Wind-borne disease infestation with a check-off program
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We model the check-off as an ad valorem tax on the producer. Additionally,

we assume that the majority of producer costs are determined and paid at the

beginning of the planting season according to the expected quantity demanded.

Due to this, an infestation of a wind-borne invasive species later in the season,

which would cause a shift back of the commodity supply curve and an associated

decrease in the quantity supplied, would not result in a re-adjustment of the

producer costs.

In figure 2.3, we show the specific welfare effects that are associated with

an outbreak of a wind-borne disease under a check-off program. An empirical

estimation of these welfare effects requires two measures: the elasticity of the

demand and supply for the commodity, and the actuarially-fair check-off rate. In

this study, we estimate the effects of a check-off program on the U.S. soybean

market, which faces an annual threat of a potentially disastrous infestation by

soybean rust.

2.2 Equilibrium Displacement Model

To estimate the welfare effects of a check-off program on a U.S. commodity market,

we implement the equilibrium displacement model (EDM), which is one of the

most extensively used approaches to examining shocks and changes in agricultural

markets (for example, see Muth 1964; Gardner 1975; Mullen, Wohlgenant, and

Farris 1988; Duffy and Wohlgenant 1987; and Piggott, Piggott, and Wright

1995). The EDM is powerful in that it provides intuitive inferences, it is easy

63



Figure 2.3: Welfare Effects of a Check-off Program, if Infestation Occurs
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to implement, and the data that are required for estimation is usually readily

available. Additionally, the equilibrium displacement model is an extremely

useful tool for eliciting various outcome scenarios by simulating the effects of

hypothetical shocks on an agricultural market. In this manner, we can attain a

richer understanding of consequences caused by shocks because we can examine

the response of the market under a range of supply and demand shifts.

In this study, we use the EDM to characterize the U.S. soybean complex. The

model is comprised of nine endogenous quantities and four endogenous market

clearing prices. The thirteen-equation system that defines the U.S. soybean

complex is as follows:

MD = M(PM) Domestic demand for soybean
meal

(2.1)

OD = O(PO) Domestic demand for soybean oil (2.2)

M = αMB
D Production of soybean meal (2.3)

O = αOB
D Production of soybean oil (2.4)

PB = PB(PM , PO, Crush demand for soybeans (2.5)
αM , αO, m)

ME = M(PM) Export demand for soybean meal (2.6)

OE = O(PO) Export demand for soybean oil (2.7)

BE = BE(PB) Export demand for soybeans (2.8)

M = MD +ME Total demand for soybean meal (2.9)
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O = OD +OE Total demand for soybean oil (2.10)

B = BD +BE Total demand for soybeans (2.11)

B = B(P P
B , ψ) Supply of soybeans (2.12)

PB − P P
B =t Check-off (per-unit) levied on

supply
(2.13)

where the quantities (B, BD, BE, O, OD, OE, M, MD, and ME) and prices

(PB, P
P
B , PM , PO) are defined in table 2.1. The per-unit check-off, t, and the

proportion of meal and oil produced per unit of soybeans, αM and αO, are assumed

to be exogenous. Equations (2.1) - (2.13) reflect the assumption that meal and oil

are jointly produced from soybeans at rates αM and αO, respectively. Additionally,

a global market for soybeans implies that the domestic and export markets cannot

be separated, and a single world price exists for soybeans, soybean meal, and

soybean oil. Finally, we assume that all soybeans that are sold in the domestic

market are processed into meal and oil.

The term ψ measures the damage to U.S. soybean yields caused by an outbreak

of soybean rust. The effects of ψ are shown in figures 2.2b and 2.2d, which illustrate

the decrease in the quantity supplied of soybeans as a result of the exogenous shock

caused by the wind-borne disease. For the soybean rust disease, we assume that

the quantitative damage effects of ψ do not change over time, but can vary with

the use of preventative methods and technological advances (such as hosts that

are resistant or partially resistant).
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Table 2.1: Variable Descriptions for the Equilibrium Displacement Model

Variable Description

B Total quantity of soybeans produced
BD Quantity of soybeans sold in domestic (U.S.)

market
BE Quantity of soybeans exported
M Quantity of soybean meal produced
MD Quantity of soybean meal sold in domestic

(U.S.) market
ME Quantity of soybean meal exported
O Quantity of soybean oil produced
OD Quantity of soybean oil sold in domestic

(U.S.) market
OE Quantity of soybean oil exported
PB Farm price of soybeans
PM Price of soybean meal
PO Price of soybean oil
m Crushing margin for soybeans
αM Proportion of meal produced per unit of

soybean
αO Proportion of oil produced per unit of soybean
ψ Damages due to soybean rust
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Comparative statics measures can be calculated by taking logarithmic differen-

tial approximations to equations (2.1) - (2.13). Upon rearranging terms such that

endogenous variables appear on the left-hand side and exogenous on the right-hand

side, the system of equations is as follows:

M̃D − ηMM P̃M = 0 (2.14)

M̃O − ηOOP̃O = 0 (2.15)

M̃ − B̃D = 0 (2.16)

Õ − B̃D = 0 (2.17)

P̃B −
(
PMM
PBBD

)
P̃M −

(
POO
PBBD

)
P̃O = 0 (2.18)

M̃E − µMM P̃M = 0 (2.19)

ÕE − µOOP̃O = 0 (2.20)

B̃E − µBBP̃B = 0 (2.21)

M̃ − kMM̃D − (1− kM)M̃E = 0 (2.22)

Õ − kOÕD − (1− kO)ÕE = 0 (2.23)

B̃ − kBB̃D − (1− kB)B̃E = 0 (2.24)

B̃ − εBBP̃ P
B = φBψψ̃ (2.25)

(1 + τ)P̃B − P̃ P
B = τ t̃ (2.26)

where Ã denotes a proportional change in A, such that Ã = d lnA ≈ ∆A
A

=

(A1−A0)
A0 . The superscripts 0 and 1 denote the initial and new values of

A, respectively. The own-price elasticities of export demand for soybeans,

soybean meal, and soybean oil are denoted as µBB, µMM , and µOO, respectively.

Additionally, ηMM represents the own-price elasticity of the demand for soybean

meal, ηOO the own-price elasticity of the demand for soybean oil, and ηBB the
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own-price elasticity of supply for soybeans. The domestic shares of the total

consumption of soybean meal, soybean oil, and soybeans are represented by

kM , kO, and kB, respectively.7

The total proportional change to the supply of soybeans due to an outbreak of

soybean rust is denoted by the term φBψψ̃, where φBψ is the elasticity between the

U.S. soybean supply and damage related to soybean rust, and ψ̃ is the proportional

change in the degree of soybean rust infection. Because the disease has only

recently been introduced into the United States, there is a lack of data that

could be used to empirically estimate the two individual components, φBψ and

ψ̃. However, it is sufficient to know the total effect (φBψψ̃), estimates of which,

under various fungicide application scenarios, are presented in table 1.1.

To simulate an introduction of a check-off program and measure the associated

welfare effects, we augment the variable τ in equation (2.26) according to the

actuarially-fair check-off rate. The term τ denotes the per-unit tax, expressed

as a proportional tax rate on the price received by producers, P P
B . Specifically,

τ = t
PP

B
= zPB

(1−z)PB
= z

(1−z) , and z denotes the proportional tax rate on PB, the

market clearing price paid by consumers. For example, to represent the current

0.5% check-off on soybean producers, we set z = 0.005.

We specify equations (2.14) - (2.26) in matrix notation as MY = X, where:

Y =
[
B̃D B̃E B̃ ÕD ÕE Õ M̃D M̃E M̃ P̃B P̃M P̃O P̃ P

B

]T
(2.27)

X =
[
0 0 0 0 0 0 0 0 0 0 0 φBψψ̃ τ t̃

]T
(2.28)

7Specifically, kM = (MD/M), kO = (OD/O), and kB = (BD/B).
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M =



0 0 0 0 0 0 1 0 0 0 −ηMM 0 0

0 0 0 1 0 0 0 0 0 0 0 −ηOO 0

−1 0 0 0 0 0 0 0 1 0 0 0 0

−1 0 0 0 0 1 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 1 −
(
PMM
PBBD

)
−
(

POO
PBBD

)
0

0 0 0 0 0 0 0 1 0 0 −µMM 0 0

0 0 0 0 1 0 0 0 0 0 0 −µOO 0

0 1 0 0 0 0 0 0 0 −µBB 0 0 0

0 0 0 0 0 0 −kM −(1− kM) 1 0 0 0 0

0 0 0 −kO −(1− k0) 1 0 0 0 0 0 0 0

−kB −(1− kB) 1 0 0 0 0 0 0 0 0 0 0

0 0 1 0 0 0 0 0 0 0 0 0 −εBB

0 0 0 0 0 0 0 0 0 (1 + τ) 0 0 −1



(2.29)
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The thirteen-equation system can be solved for the proportional changes in

quantities and prices due to changes in τ by solving: Y = M−1X.

In this representation it is evident that adjustments of quantity and price

in response to variations in τ are primarily due to the numerous domestic and

export elasticities as well as consumption shares in the U.S. soybean complex.

The domestic demand elasticities (ηMM and ηOO), export demand elasticities

(µBB, µMM , and µOO), and the supply elasticity of soybeans (εBB) can be

estimated by using traditional econometrics methods. Implementing annual data

from 1975 to 2007,8 we estimate each elasticity by using a separate demand or

supply equation. Specifically, quantities demanded and supplied are regressed

on the own price, price of substitutes, income level, and other variables that are

considered important shifters of demand and supply. Table 2.3 presents variables

that were used in each demand and supply equation.

We implemented maximum likelihood to estimate linear and double-log linear

autoregressive models9 as well as Box-Cox transformed specifications;10 parameter

and elasticity estimates are shown in table 2.4.11 The estimated domestic demand

and supply equations fit the data well (all R-square values were greater than 0.79)

and exhibited statistically significant price coefficients, implying relatively precise

8Historical data were collected from various sources by the authors and are available upon
request. Summary statistics and description of variables are presented in table 2.2.

9We use a simple autoregressive error specification: yt = x′β + (εt − φ1νt−1 − φ2νt−2 − . . .),
where εt N(0, σ2).

10Elasticities that are calculated from the Box-Cox model are not constant. This is analogous
to a linear elasticity system (LES), which is a linear approximation model.

11The linear, double-log linear, and Box-Cox specifications were used in order to gauge the
robustness of the alternative specification and the sensitivity of the elasticity estimate to each
functional form. We choose the estimated elasticity from the specification that best fits the
data and has the most precision in the estimated coefficients. Estimates of the linear model are
excluded to conserve space.
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Table 2.2: Summary Statistics and Description of Historical Data

Variable Description Mean Std. Var Min Max

t Time trend 17 9.67 1 33
M Domestic disappearance, soybean

meal (1,000 short tons)
24,374 6,342.93 14,056 34,795

O Domestic disappearance, soybean
oil (million pounds)

12,774 3,434.36 7,511 18,562

B U.S. supply of soybeans (million
bushels)

2,230 493.531 1,289 3,188

Pso Price, soybean oil (cents/lb) 23.6 7.081 14.09 54.5
Pm Price, soybean meal ($/ton) 198.42 40.195 136.4 335
FPb Price, first qtr. avg. of new crop

soybean futures ($/bu)
6.216 0.909 4.558 8.231

FPc Price, first qtr. avg. of new crop
corn futures ($/bu)

1.984 0.402 1.364 3.35

cpi U.S. consumer price index 132.5 45.332 53.8 207.3
perexp Per capita personal consumption

expenditure ($/person)
16,522 8,026.60 4,789 32,223

ppi Prices paid index 100 28.031 47 161
M X US U.S. soybean meal exports (1000

metric ton)
6,137 1,162.39 4,136 8,722

O X US U.S. soybean oil exports (1000
metric ton)

808 276.43 366 1,429

B X US U.S. soybean exports (1000 met-
ric ton)

22,185 4,772.61 14,355 31,162

B P US U.S. season avg. soybean price
($/bu)

6.1 1.193 4.38 10.4

M P US U.S. season avg. soybean meal
price ($/ton)

198.42 40.195 136.4 335

O P US U.S. season avg. soybean oil price
(cents/lb)

23.61 7.149 14.09 55

Ppalm oil Palm oil CIF Rotterdam prices
($US / metric ton)

492 157.149 257 1046

GDP wld World GDP less U.S. GDP
($/capita)

3386.73 446.136 2673.65 4333.88

hogs wld World hogs quantity (1000 head) 925,552 218,007.24 346,541 1,284,552
xrate U.S. broad index 78.25 31.463 33.68 126.67
M ES wd World meal ending stocks (1000

metric ton)
4,042 2,109.07 553 6,553

O ES wd World oil ending stocks (1000
metric ton)

2,063 879.193 538 3,315

B ES wd World soybean ending stocks
(1000 mt)

23,520 14,903.86 3,688 62,510
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Table 2.3: Variables Used in Estimating Demand and Supply Equations

Variable Regressor (Variable name used in
estimation)a

Bt FPcorn/PPI, FPbeans/PPI, Bt−1, t
(soybean supply)

Mt PM/CPI, PC
M/CPI, perexp/CPI, AR(M)t−1

b

(domestic meal demand)

Ot PO/CPI, PC
O/CPI,perexp/CPI, AR(O)t−1

(domestic oil demand)

XBt PB ∗ xrate, GDPwld, hogswld, B ESwld,
(export soybeans demand) AR(XB)t−1

XMt PM ∗ xrate, GDPwld, hogswld, M ESwld,
(export meal demand) AR(XM)t−1

XOt PO ∗ xrate, GDPwld, Ppalmoil

(export oil demand)

a All prices are deflated using a prices paid index (PPI) or a consumer price index (CPI).
b AR(·) terms correspond to the autoregressive errors used in the double-log linear
specification.
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long-run elasticity measures. Export demand equations for soybeans and soybean

meal had a lesser fit (R-square measures for the preferred specifications were 0.63

and 0.50 for soybeans and soybean meal, respectively), but also had statistically

significant coefficients on the relevant price variable. The export demand for

soybean oil, however, was the only equation that resulted in an insignificant price

coefficient and a relatively poor fit (R-square value of 0.45). This result is primarily

due to the numerous unobservable factors that affect the export demand of soybean

products. Due to the poor fit of our models, we use the most recent export demand

elasticity found in the literature: -0.79 (Kim et al. 2008).12

Finally, in addition to the estimated elasticity measures, the calculation of the

Y vector in equation (2.27) requires baseline estimates for the demand, supply,

price, and domestic shares of the U.S. soybean complex components. In this

study, we use projected 2007-08 values issued in the World Agricultural Supply

and Demand Estimates (WASDE) report by the Office of the Chief Economist

(OCE) at the USDA. With these data in hand, we are able to fully define the M

matrix, simulate the U.S. soybean market with and without a check-off program,

and analyze the welfare effects associated with the check-off.

12Kim et al. (2008) are consistent with estimated U.S. soybean export demand elasticities
found by Piggott and Wohlgenant (2002) and by the Food and Agricultural Policy Research
Institute (2004).
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Table 2.4: Parameter Estimates of Demand and Supply Equations for the U.S. Soybean Complexa

Equation Parameter Estimates R-square Elasticity

Bt Intercept FPcorn/PPI FPbeans/PPI Bt−1 t
Double-log 4.43*** -0.309*** 0.342** 0.358* 0.015** 0.7938 εBB = 0.3415

(1.295) (0.098) (0.159) (0.174) (0.006)
Box-Cox 2370.238 -30119*** 11757*** 0.356** 32.8 0.8235 εBB = 0.359
(λ=0.4) (1847.1) (9471) (4145.3) (0.167) (12.73)

Mt Intercept PM/CPI PC
M/CPI perexp/CPI AR(M)t−1

Double-log 4.421*** -0.232** 0.076 1.2051*** -0.518*** 0.9644 ηMM = -0.2321
(0.642) (0.118) (0.108) (0.133) (0.163)

Box-Cox 7886.6 -3631.5* 2515.9 262.16*** – 0.9574 ηMM = -0.2557
(λ=0.6) (16314) (1977.8) (2574.5) (31.41) –

Ot Intercept PO/CPI PC
O/CPI perexp/CPI AR(O)t−1

Double-log 2.804*** -0.234*** 0.159*** 1.3587*** -0.5985*** 0.9797 ηOO = -0.2339
(0.481) (0.059) (0.053) (0.105) (0.154)

Box-Cox 5344.5 -19954*** 11916*** 136.3*** – 0.9759 ηOO = -0.3166
(λ=0.4) (5835.6) (4818.7) (4111.2) (10.31) –

X Bt Intercept PB ∗ xrate GDPwld hogswld B ESwld AR(X B)t−1

Double-log -10.168 -0.448** 2.481* 0.242 -0.06 -0.497*** 0.6354 µBB = -0.448
(8.121) (0.221) (1.36) (0.279) (0.134) (0.179)

Box-Cox -45059 -1.249 7.316 -0.006 0.145 – 0.5582 µBB = -0.4209
(λ=1.6) (46414) (9.014) (11.43) (-0.013) (0.166) –

X Mt Intercept PM ∗ xrate GDPwld hogswld M ESwld AR(X M)t−1

Double-log -3.117 -0.313** 1.709* 0.042 0.045 -0.474** 0.5094 µMM = -0.3134
(5.103) (0.153) (0.876) (0.285) (0.105) (0.178)

Box-Cox 8546.9 -0.075 2.29 0.0009 -0.063 – 0.4098 µMM = -0.2978
(λ=0.4) (11568) (0.056) (1.93) (0.003) (0.195) –

X Ot Intercept PO ∗ xrate GDPwld Ppalmoil

Double-log -1.434 -0.156 0.608 0.697*** 0.3112 µOO = -0.1556
(7.733) (0.293) (1.106) (0.215)

Box-Cox 680.98 -0.149 0.241 1.223*** 0.4502 µOO = -0.3451
(λ=0.4) (914.6) (0.119) (0.230) (0.393)

a Values in parentheses indicate t-values for the associated parameter values.
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2.3 Simulation and Welfare Effects of a Check-

Off Program

For wind-borne diseases, it is possible to estimate the welfare effects of a

check-off program by simulating various market scenarios using the equilibrium

displacement model described above. Specifically, first simulate an infestation of

the wind-borne disease by shocking the projected baseline supply of the affected

commodity. Then, institute a check-off program by augmenting the term τ

in equation (2.26) using an actuarially-fair check-off rate. Finally, repeat the

simulation of the wind-borne infection with the check-off program in place.

In order to appropriately shock the quantity of the supplied commodity, it

is necessary to determine an expected total loss that may occur after the initial

infestation of the disease. Although many different loss functions can be developed

based on the characteristics of the wind-borne disease, we choose a relatively

simple specification that is a function of the initial quantity, the initial yield loss

once an infestation occurs, the yield loss at nearby farms after disease spread,

and the probability of spread. In this manner, it is possible to calculate different

values of total loss for the various loss ratios associated with a compensatory

indemnification program and a check-off program. For example, under the

compensation policy, we assume that the percentage of yield lost perpetuates

through each iteration of spread because only the infected farmer is indemnified

and provided with funds to eradicate the disease. However, the loss percentage

drops to zero (or some other very low value) under the mitigation plan, because

surrounding producers are supplied with funds that are used to prevent the disease.
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The expected total loss function is as follows:

E[TL(Q, δ∗, δ, ω)] = Q · δ∗+

∞∑
m=2

(Q · δ) · (1− δ∗) · ωm−1 · I

{
1
δ −

m−2∑
j=1

ωj − I
{
m−1∑
k=3

ωkδk−2

}
(m>3)

}
(m>2)

 ,

(2.30)

where Q is the initial quantity of the commodity, δ∗ is the percentage of yield loss

after the initial infection, δ is the percentage of yield loss after spread, and ω is the

probability of spread to nearby farms after an initial infection. The term I{·}(·)

indicates that the equation inside of the brackets must be evaluated only if the

condition in the parentheses is true; otherwise, the term is set to 1.

To determine the expected total losses for the case of soybean rust, first we

calculate the expected total loss under the standard compensation program by

setting Q to the baseline soybean production value specified in the WASDE report,

and both δ∗ and δ equal to 7%.13 Next, to compute the expected total loss under

the mitigation plan, we simulate the institution of a check-off and compute the

associated new quantity supplied. Then, we set δ∗ equal to 7% for the initial loss

and δ equal to 1% for infections that occur at nearby farms. For both policy

alternatives, we assume that the probability of soybean rust spread to nearby

farms is the same and corresponds to the three scenarios shown in figure 2.1.

Accordingly, we simulate the model with ω equal to 59.3%, 39.4%, and 33.2%.

Simulation of the check-off program requires knowledge of the actuarially-

fair check-off rate. For wind-borne diseases, modeling infection probability and

determining this rate requires knowledge of factors that are relevant to the spread

13The expected yield losses after a soybean rust infection are provided by Roberts et al. (2006).
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and germination of the disease. In the case of soybean rust, as the results of chapter

1 indicate, the pathological characteristics of SBR, climatological conditions,

biological traits of the host plant, and farming practices are statistically significant

in determining the probability of SBR infection. The authors then determine

county-level actuarially-fair premium rates. Using these findings, we calculate the

national check-off rate by weighing county-level rates by each county’s production

level. The resulting 2008 national check-off rate is 0.7%.

The simulated effects of instituting a check-off program are presented in

table 2.5. The difference between the price paid by consumers and price received

by producers increased by $0.0711/bushel, with the consumers absorbing most

of the price change ($0.0479/bushel). Additionally, the implied soybean supply

decreased minimally, with quantities dropping by only 0.09%. However, the

revenues that are collected as a result of the check-off program are sufficient

to provide indemnification and prevention payments in case of a soybean rust

infestation. Moreover, the associated deadweight loss is almost non-existent,

equaling 0.00071 cents for every dollar contributed to the fund. In general, we

find that implementing a check-off program minimally affects the U.S. soybean

market, yet the generated funds would be adequate to prevent a major disruption

due to an outbreak of soybean rust.

In table 2.6, we present the simulated effects on the U.S. soybean sector after

a soybean rust outbreak. The ratio of supply losses that occur under a standard

program relative to a check-off program grows exponentially as the assumed

probability of spread increases. For example, assuming an 33.2% probability of

soybean rust spread, the supply decrease under a standard program is 1.35 times
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Table 2.5: Simulated Effects on the U.S. Soybean Market after a 0.7% Check-Off

Effect Value

Change in price received by producer ($/bushel) -0.0232

Change in price paid by consumer ($/bushel) 0.0479

Change in the quantity of soybeans (mil bushel) -2.128

After check-off price received by producer ($/bushel) 10.0761

After check-off price paid by consumers ($/bushel) 10.1979

After check-off quantity of supplied beans (mil bushel) 2582.872

Revenue collected by all check-off programsa (mil $) 314.5938

Revenue collected by SBR check-off program (mil $) 183.4051

Total deadweight loss from check-off program (mil $) 0.129595

a This includes the United Soybean Board (USB) 0.5% and the proposed soybean rust

0.7% check-offs.

greater than under a mitigation program, 1.45 times greater under the assumption

of a 39.4% probability of spread, and 1.89 times greater under the assumption

of a 59.3% spread probability. A similar pattern is evident in the change in

prices paid by consumers. Under the mitigation program, the increase in prices

paid by consumers after an infestation are 87.9 cents less (33.2% assumed spread

probability), $1.15 less (39.4% assumed spread probability), and $2.55 less (59.3%

assumed spread probability) than the increase under the standard program. This
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indicates that especially in years during which conditions for spread are favorable,

a mitigation policy can significantly limit the potential for catastrophic losses and

excessive price increases for consumers.

For the soybean producer, there are also significant benefits to implementing

a mitigation policy. Table 2.7 shows the potential effects under the standard and

mitigation programs that can alter the welfare of a U.S. soybean producer. The

initial (pre-infestation) producer surplus is greater under the standard program,

which is as expected because the check-off will cause a slight decrease in producer

surplus. Nevertheless, the gains from a check-off policy are observed as soon

a disease infestation occurs. With respect to the three spread probability

assumptions, the post-outbreak producer surplus under the mitigation program

is $160.95 million, $221.31 million, and $527.21 million greater than the post-

outbreak producer surplus under the standard policy.

The most telling factor, however, is the sum of lost producer surplus and

producer costs without offsetting revenues. The latter refers to the initial

production costs, which are appropriated at the beginning of the planting season

and are expected to be offset by the generated revenues from soybean production.

However, if a wind-borne disease outbreak reduces the total output, there will

be insufficient revenues to cover these costs, which will negatively affect producer

welfare. Our simulation results indicate that under the check-off policy, the U.S.

soybean industry may be able to avoid welfare losses that range between $604

million (18.42% assumed spread probability) and $1.7 billion (59.3% assumed

spread probability).
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Table 2.6: Simulated Effects on the U.S. Soybean Market after a Soybean Rust Infestation

Standard Indemnification Program Mitigation (Check-off) Program

Pr = 33.2%a Pr = 39.4% Pr = 59.3% Pr = 33.2% Pr = 39.4% Pr = 59.3%

Post-loss soybean supply
(million bushels)

2,437.83 2,423.83 2,352.56 2,475.38 2,473.33 2,462.62

[37.55] [49.50] [110.06]

Change in price received
by producer ($/bushel)

3.312 3.627 5.231 2.416 2.462 2.702

[-0.896] [-1.165] [-2.529]

Change in price paid by
consumer ($/bushel)

3.312 3.627 5.231 2.433 2.479 2.722

[-0.879] [-1.148] [-2.509]

After outbreak price
received by producer
($/bushel)

13.411 13.726 15.33 12.492 12.538 12.779

[-0.919] [-1.188] [-2.551]

After outbreak price paid
by consumers ($/bushel)

13.462 13.777 15.381 12.630 12.677 12.919

[-0.832] [-1.10] [-2.462]

a Assumed probability of soybean rust spread to nearby farms.

b Values in brackets are differences between the effects under the mitigation and standard indemnification programs.
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Table 2.7: Simulated Effects on the U.S. Soybean Market after a Soybean Rust Infestation

Standard Indemnification Program Mitigation (Check-off) Program

Pr = 33.2%a Pr = 39.4% Pr = 59.3% Pr = 33.2% Pr = 39.4% Pr = 59.3%

Initial producer surplus
(mil $)

13,053.28 13,053.28 13,053.28 13,012.63 13,012.63 13,012.63

[-40.65]b [-40.65] [-40.65]

Post-outbreak producer
surplus (mil $)

12,310.13 12,239.47 11,879.56 12,471.08 12,460.78 12,406.77

[160.95] [221.31] [527.21]

Change in producer sur-
plus (mil $)

-743.15 -813.81 -1,173.72 -541.55 -551.85 -605.86

[201.6] [261.96] [567.86]

Decrease in producer -2,229.44 -2,441.42 -3,521.16 -1,624.66 -1,655.55 -1,817.57
surplus + Producer
costsc without offsetting [604.78] [785.87] [1,703.59]
revenues (due to out-
break) (mil $)

a Assumed probability of soybean rust spread to nearby farms.

b Values in brackets are differences between the effects under the mitigation and standard indemnification programs.
c We assume that the majority of producer costs occur prior to or at planting time. This implies that producer costs are the same
regardless of whether an outbreak occurs.
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2.4 Policy Implications

In this study, we proposed an alternative to the standard program that is used

to indemnify producers in case of an outbreak of a wind-borne disease. Instead

of compensating only the producer directly affected by the disease, a payment is

made to all nearby farmers that may be at risk for infection, which can be rapid

and widespread due to the pathological characteristics of wind-borne diseases.

This payment will be used to implement preventative methods such as fungicide

application, which can mitigate the potential of further disease spread.

The alternative mitigation policy can be instituted by assessing a check-off on

all producers of a particular commodity, which would generate a fund that will

be used to provide the necessary indemnification and mitigation payments. To

illustrate the effects of this policy, we model the welfare changes in the affected

market, and then use the equilibrium displacement model to simulate a soybean

rust infestation with and without a check-off program in the U.S. soybean sector.

The welfare effects of the policy are simulated using an actuarially-fair check-off

on soybean producers, which is calculated in chapter 1.

There may be several strong incentives for a farmer to participate in such

a check-off program. The simulation results in this research indicate that the

implementation of the check-off generates over $180 million in fund revenues,

with most of the check-off transferred onto consumers through a rise in consumer

price. This implies that a small contribution into the fund will not only guarantee

compensation in case of an infection, but provide payment that can be used to

prevent an outbreak, which in the case of soybean rust can reduce the potential

yield loss by 6%. A less direct, but perhaps as important, incentive to participate
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may be to maintain good-standing within the local community. Because the wind-

borne disease can spread quickly to surrounding locations, farmers may participate

in the check-off policy in order to indicate to neighboring farms that there has been

an effort to take actions that would prevent the spread of the disease to nearby

plots. Such community-based incentives might be rather significant, because as

our simulation results indicate, mitigation efforts can lead to avoided negative

welfare for producers that ranges between $604 million and $1.7 billion.

There can also be indirect benefits to instituting a mitigation policy, which

can also induce farmers to participate. One example is maintaining the stability

of commodity markets, which can be sensitive to changes in expected and realized

yields. The implementation of a mitigation policy may be able to prevent large

deviations from expected yields, which can minimize the potential for high price

volatility in commodity futures and cash markets. And although the participation

in the program can imply that higher supply levels will maintain a lower market

price – which can be seen by some farmers as a disincentive to participate – the

increase in the manageability of commodity market price and liquidity risks may

greatly benefit the majority of risk-averse program participants. Additionally, a

mitigation policy that indemnifies crop producers that are subject to wind-borne

diseases can have important international implications. Because the U.S. is a

major exporter of crops such as soybeans and wheat, a major outbreak of diseases

such as soybean rust and wheat stem rust (Ug99) can greatly reduce the world

supply and stocks of these commodities, affecting the global social welfare.

Finally, a mitigation program that is implemented using a check-off generates

available funds that can be used for purposes such as subsidizing early-warning
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programs, financing various research initiatives, and maintaining monetary re-

serves in case of catastrophic events such as a widespread disease outbreak.14 Such

programs are necessary to work toward the long-term goal of developing a disease-

resistant strain of the affected crop while minimizing the losses that are associated

with outbreaks. Although various government agencies such as USDA/APHIS

and USDA/RMA provide some assistance, this funding is typically temporary

and often insufficient to maintain programs that help farmers prevent and prepare

for a wind-borne disease. The enactment of a check-off program, however, may be

able to supply the resources for these necessary endeavors.

Devising equitable methods to implement such programs in the U.S. agricul-

tural sector requires additional research, however. First, it is necessary to consider

the heterogeneity of infection risks faced by producers that are located in various

regions of the United States. As shown in chapter 1, for soybean rust there are

a multitude of pathological, climatological, and farming characteristics that affect

the infection probability of producers in different geographical areas, evident in

figure 1.2 and table 1.6. Although we apply a single check-off rate for all U.S.

farmers, it may be useful to consider differentiating regions in order to implement

location-specific check-off rates. This will require an investigation of trade-offs

that can arise with the implementation of each alternative. For example, points

for consideration might include the ease of implementation (a single check-off

rate may make the policy less convoluted), perceived equity and participation of

14In this study, we discuss the implementation of an actuarially-fair check-off. In general, an
actuarially-fair check-off rate would generate only the funds necessary to provide payment for
the curative and preventative actions. However, in years during which the level of infestation
is such that the generated funds are not fully depleted, the remaining funds can be used for
additional initiatives.
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producers (less at-risk producers may question the use of a single rate across all

geographical locations), and minimization of free-riders.

An associated aspect of the mitigation policy requiring further research is the

specification of alternative functional forms for modeling yield loss associated with

the spread of a wind-borne disease. The loss function presented in equation (2.30)

can be used as a foundation, because it incorporates, through the calculated

infection probabilities, the various factors that are associated with the spread

and germination of the disease. However, spatial heterogeneity, pathological and

climatological characteristics related to transmission paths, and disease survival

traits are among some of the facets that may necessitate the use of a different loss

function for each particular wind-borne disease.

86



Chapter 3

Spatial Analysis of Market Linkages in North

Carolina Using Threshold Autoregression

Models with Variable Transaction Costs

In recent years there has been a significant increase in the price volatility of

corn and soybean markets, due primarily to an increase in demand for ethanol

based biofuels. With the increased demand for ethanol, the demand for corn

has become much more inelastic, causing wider price movements in response to

changes in quantity supplied. In general, these broad price movements have been

observed across all markets; however, there exist significant differences in the price

adjustment paths of individual markets. By examining the linkage structures

between individual markets, it can be possible to estimate the price transmission

behavior within the environment of highly volatile changes in price.

There are a number of studies that have examined market linkages through

price transmission patterns (for example, see Goodwin and Piggott 2001; Bessler,

Park, and Mjelde 2007). These works implement threshold autoregressive (TAR)
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models to estimate a neutral band within which prices follow a random walk

process. The neutral band represents transaction costs that occur due to the

spatial separation of any two markets. These transaction costs might often include

expenditures on fuel, time and effort to coordinate the shipment and pick-up of

transported commodities, synchronization of buyers and sellers, and knowledge of

local highway laws for transporting grains. Additionally, transaction costs can vary

seasonally – decreasing during harvest (when locally grown commodities become

available), and increasing during months when the commodity must be imported

to meet local demand. Typically, prices of a commodity in any two linked markets

differ by the amount of the inherent transaction costs that are required to ship the

commodity from one market to the other. However, a shock to the price of one

market may cause the price difference to be more than the transaction costs (the

price difference falls outside of the transaction costs band), which would make it

profitable to purchase the commodity in one market, incur the associated costs of

transporting to the other, and sell the commodity for a higher price. This type of

arbitrage behavior would continue until the prices in the linked markets re-adjust

such that their difference is once again equal to the transaction costs that are

associated with transporting the commodity from one market to the other.

The focus of this study is to examine the effects that price movements might

have on the threshold values of the neutral band. Previous studies assume that

the neutral band remains constant; however, due to the recent rapid rise of

transportation costs as well as general seasonal effects, it is necessary to consider

whether the assumption of a constant neutral band must be relaxed. By allowing

the thresholds to vary according to relevant exogenous factors it may be possible

88



to better understand the effects that external economic conditions might have on

price discovery in linked markets. We develop an empirical framework that can

appropriately model a variable neutral transaction costs band, and use the results

to investigate differences with the model that restricts the neutral band to be

constant.

Using the threshold cointegration methods of Balke and Fomby (1997), this

study evaluates the linkages of North Carolina corn and soybean markets. Tests

for the presence of threshold effects are performed following Tsay (1989). Upon

confirmation of threshold effects, a grid-search technique is used to determine

the thresholds. The estimation uses a large collection of daily corn and soybean

price data for markets in North Carolina. We find that variable threshold models

statistically outperform the constant threshold specification. Additionally, the

variable thresholds model provides a richer environment for examining impulse

response functions. In general, our results are consistent with past studies,

indicating that price behavior exhibits long-run market integration. However,

we find that the constant threshold model typically underestimates the time-to-

convergence as well as the magnitude of the effect that a shock can have on prices

in linked markets.

The analysis is organized as follows: first, we present the methodology that

is used for evaluating threshold autoregressive models, incorporate transaction

costs that can be affected by exogenous factors; next, a description of the data

and preliminary analyses are presented. Daily corn and soybean data are used

to estimate threshold effects among spatially linked North Carolina markets,

investigate the findings, and use impulse response functions to simulate price
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responsiveness. Concluding remarks are offered in the final section.

3.1 Econometric Specification of the Threshold

Autoregressive Model

Following the specification developed by Balke and Fomby (1997), we build upon

the threshold autoregression model, which defines a correspondence between error

correction models that represent cointegrating relationships and autoregressive

models of an error correction term. In this manner, it is possible to account for

the transaction costs that might inhibit transmission of prices across spatially

separated markets.

In general, threshold models can be viewed as a regime switching framework,

in which a different regime is triggered when the variable of focus crosses the

particular threshold. In the case of this study, the regime switch occurs if the parity

relationship between commodity prices at linked locations becomes greater than

or less than some value. A common parity relationship that is used to represent

spatial integration among markets can be described as a simple autoregressive

structure of price differences:1

P̃t = δP̃t−1 + νt, (3.1)

where P̃t = (P 1
t −P 2

t ), P i
t is the price at location i at time t, and νt is a white-noise

error term. To characterize the regime switching framework, we follow Balke and

Fomby to define δ as:

1This specification can also be expressed as ∆Pt = (δ − 1)Pt−1.
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δ =

 δ(1) if |P̃t−1| ≤ c

δ(2) if |P̃t−1| > c
, (3.2)

where c is the threshold value that causes a regime switch. Specifically, it is

assumed that when |P̃t−1| ≤ c holds, δ(1) = 1. This implies that the parity

relationship follows a random walk when there are small deviations of price

differences. However, a large deviation, such as a shock to the price in either

market, will trigger the condition |P̃t−1| > c, causing δ = δ(2). Under the

assumption that a stable equilibrium between prices at the two spatially separated

locations exists, δ(2) < 1, implying that the price differential process is stationary

and shocks to P 1
t or P 2

t will die out over time.

Threshold autoregressive models represent price adjustments as a process that

can be inhibited by transaction costs. As in Goodwin and Piggott (2001), we

assume that there exists a band of transaction costs in which small deviations in

a price pair difference, P̃t−1, do not trigger a regime under which prices adjust

back to an equilibrium. However, if the price difference exceeds the bounds of

the transaction cost band, prices in the two linked markets will continue to adjust

until P̃ is no longer outside of the bounds of the neutral band. An example of this

is as follows:

P̃t = θ[δ(1) · P̃t−1] + (1− θ)[δ(2) · P̃t−1] + εt, (3.3)

where δ1 and δ2 are defined in equation (3.2). In this threshold autoregressive

model there is a symmetric transaction costs band, such that θ = 0 if |P̃t−1| > τ ,

and τ represents the transaction costs threshold. As discussed above, when the
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price difference for two markets does not exceed τ , then we set δ(1) = 1 (under

the assumption that P̃ behaves as a random walk). Otherwise, |δ(2)| < 1, and an

adjustment back to an equilibrium occurs.

As noted by Goodwin and Piggott (2001), research that uses threshold

autoregressive models to analyze price transmissions in spatially separated markets

usually assumes a constant neutral band of transaction costs (for example, see

Obstfeld and Taylor 1997; Goodwin and Grennes 1998; and Goodwin and Piggott

2001). Fackler and Goodwin (2001) discuss the implications for the validity of

empirical tests of spatial price analysis if this assumption is made. Additionally,

Li and Barrett (1999) point out that the neutral band may not be constant or

stationary in the long run. We attempt to relax the condition of a constant neutral

band by allowing the threshold variable, τ , to vary according to exogenous factors.

This is as follows:

τ = αo + α1Ft + α2S
1
t + α3S

2
t , (3.4)

where Ft reflects fuel prices (fuel price index), and S1
t and S2

t are seasonality

components that follow a first order Fourier approximation to an unknown seasonal

function. Specifically, S1
t = sin(2πdt/260) and S2

t = cos(2πdt/260), where dt

represents a weekday of the year (dt = 1, 2, . . . , 260).

Testing for threshold effects is performed by implementing a general nonpara-

metric test for the nonlinearity implied by thresholds in an autoregressive series,

a technique developed by Tsay (1989). To construct the test, consider a simple

autoregressive equation, as follows:
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yt = α + φyt−1 + et. (3.5)

Each combination of yt and yt−1 is denoted as a ‘case’ of the data. These cases

are ordered according to the variable that is relevant to the threshold behavior

— in this case, yt−1. Then, recursive residuals are generated by estimating the

autoregressive model for an initial sample2 and then for sequentially updated

samples, which are obtained by adding a single observation. A test of nonlinearity

is given by the F-statistic from the regression of the recursive residuals on the

explanatory variables (yt−1). The test is run with both increasing and decreasing

ordering in the arranged autoregression.3

To summarize, the estimation methodology is as follows. The time series

properties of the data are evaluated using augmented Dickey-Fuller unit-root

tests. In addition, ordinary least squares estimates of cointegrating relationships

(following Engle and Granger (1987)) are performed. Next, we test for the

presence of threshold effects using a nonparametric test for the nonlinearity

implied by thresholds in an autoregressive series. If the presence of thresholds

is determined, we use a grid search approach to estimate the specific thresholds.

Following the technique that was proposed by Balke and Fomby (1997), the

grid search is used to find the threshold that minimizes a sum of squared

errors criterion. We estimate two alternative specifications: the first assumes

a constant transaction costs neutral band, while the second allows thresholds

2We denote the first 1% of the data as the initial sample.
3The alternative ordering of the data allows for additional power to discern thresholds for

which data are concentrated in a particular regime at either end of the series. Only the more
significant of the two ordered tests is reported.
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to vary according to equation (3.4). We perform the latter by estimating both

symmetric and asymmetric thresholds. A symmetric threshold assumes that for

any two locations, transaction costs for moving a commodity are the same in either

direction. However, this assumption can be relaxed by estimating asymmetric

thresholds, which allows for the transaction costs associated with transporting the

commodity to the central location to be different from the transaction costs that

arise with transporting the commodity from the central site. The parameters of

the symmetric and asymmetric threshold functions are estimated using a four- and

eight-dimensional grid searches, respectively.4 Then, error correction models are

estimated, conditional on the estimated threshold parameters. These are defined

as follows:

∆P̃t = λ∆P̃t−1 + νt, (3.6)

where P̃t = P c
t −P

j
t is the difference of prices between a central market and market

j.

It is helpful to test the statistical significance of the differences in parameters

across alternative regimes. For instance, a conventional Chow test might be used

to test the parameter differences across regimes. However, in this analysis, the

parameters of the alternative regimes are not identified under the null hypothesis

of no threshold effects, which causes the conventional test statistics to have non-

standard distributions. In order to adjust for this complication, we employ the

approach of Hansen (1982) for testing the statistical significance of threshold

4In all cases, the grid search is restricted to ensure that there are a sufficient number of
observations for estimating the parameters of each regime. At least 1% of the total number of
observations are required for each estimation.
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effects. Specifically, we run a number of simulations in which the dependent

variable is replaced by draws from the standard normal distribution, and a grid

search is used to identify the optimal thresholds. Then, a standard Chow-type

test is used to test the significance of the threshold effects. The simulated sample

of test statistics is used to approximate the asymptotic p-value by calculating

the percentage of test statistics for which the test value that is taken from the

estimation sample exceeds the observed test statistic.

3.2 Empirical Application to North Carolina

Markets

3.2.1 Data

In this study we use daily cash prices for corn and soybeans that are reported

by grain elevators and processors in North Carolina. Specifically, we choose

corn markets in Cofield, Candor, Nashville, and Statesville, and soybean markets

Candor, Greenville, Lumberton, and Fayetteville. To calculate price pairs, we

select a central location based on the smallest average road distance among all

pairs. Accordingly, we select Candor (corn) and Fayetteville (soybeans) as the

central locations. Additionally, we use New York Harbor spot prices for number 2

low sulfur diesel as a proxy for transportation costs. The data set spans the range

between 01 January, 2000 and 24 July, 2008. Some of the observations within the

data are missing primarily due to holidays and days during which the elevators

and processors did not report the cash prices. We exclude dates for which there are
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missing data in all locations, and use an exponential spline method to interpolate

values for all other unreported data points.

Summary statistics for the data are presented in table 3.1, and the time series

plots for commodity and diesel prices are shown in figures 3.1, 3.2, and 3.3.

Table 3.1: Summary Statistics: Price Pairsa for Selected N.C. Locations

Market Location Obs. Min. Max. Mean Std. Dev. Distanceb

Corn

Cofield–Candor 2217 -0.1182 0.19416 0.05662 0.03997 216
Nashville–Candor 2217 -0.14492 0.17352 0.02105 0.02489 129
Statesville–Candor 2217 -0.12204 0.24464 0.04035 0.05732 95.4

................................................................................................................

Soybeans

Greenville–Fayetteville 2220 -0.10279 0.1789 0.04577 0.02349 113
Cofield–Fayetteville 2220 -0.1092 0.1242 0.02985 0.0244 173
Lumberton–Fayetteville 2220 -0.10279 0.1789 0.04208 0.02294 32.9

a All prices are logged and differenced.
b Road distance between markets, in miles.

Next, figures 3.4 and 3.5 illustrate time series plots of price pairs, P̃t, for

corn and soybeans. Finally, several basic time series tests are performed. For

all market pairs, the results of the augmented Dickey-Fuller unit-root test,

presented in table 3.2, support the assumption that price differences are stationary.

Additionally, ordinary least squares estimates of the cointegrating relationship,

shown in table 3.3, indicate that in all cases the intercept term is close to zero and

the slope parameter is close to one. This may suggest a strong interrelationship
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among prices in linked markets.5

3.2.2 Results for Empirical Application6

The first part of the empirical estimation is the identification of the appropriate

transaction cost bands for each market combination. Since there are numerous

costs relevant to spatial arbitrage and trade, it is virtually impossible to

directly measure the transaction costs that affect the transfer of a particular

commodity between two locations. Given these difficulties, we use the modeling

techniques described above to estimate the transaction cost bands. First, we

estimate unrestricted and restricted forms of a first-order threshold autoregressive

specification (as defined in equation (3.6)), for which we assume constant

transaction cost bands. The unrestricted model estimates separate autoregressive

parameters for the regime that corresponds to price differences that are less

than the transaction cost band, and the regime corresponding to price differences

exceeding the band. This model is used to test for the significance of threshold

effects by using Hansen’s testing procedure. The restricted specification follows

Obstfeld and Taylor (1997), restricting the within-band parameter to be zero,

which corresponds to a random walk for price differences that do not exceed the

transactions cost band. Then, we estimate the alternative models that allow the

thresholds to vary according to transportation costs and seasonal factors, as in

equation (3.4). Both symmetric and asymmetric variable thresholds are estimated.

The estimates of the threshold band are presented in table 3.4 and table 3.5.

5However, these results should be considered with caution, because of the nonstationary
nature of the price data.

6All estimations were performed using the SAS v9.1.3 analysis software.
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Figure 3.1: Corn Prices in Selected N.C. Locations
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Figure 3.2: Soybean Prices in Selected N.C. Locations
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Figure 3.3: Diesel Fuel Price
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Figure 3.4: Differenced Logged Corn Price Pairs
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Figure 3.5: Differenced Logged Soybean Price Pairs
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Table 3.2: Augmented Dickey-Fuller Test: Price Pairs for Selected N.C. Locations

Market Location Lags τ p-value F-value p-value

Corn

Cofield–Candor 0 -8.45 0.0001 35.74 0.001
1 -6.88 0.0001 23.67 0.001
2 -5.7 0.0001 16.24 0.001

Nashville–Candor 0 -13.07 0.0001 85.47 0.001
1 -11.39 0.0001 64.84 0.001
2 -9.23 0.0001 42.58 0.001

Statesville–Candor 0 -7.61 0.0001 28.93 0.001
1 -6.06 0.0001 18.36 0.001
2 -4.87 0.0001 11.84 0.001

..................................................................................................

Soybeans

Greenville–Fayetteville 0 -7.73 0.001 29.87 0.001
1 -7.18 0.001 25.79 0.001
2 -7.02 0.001 24.64 0.001

Cofield–Fayetteville 0 -7.49 0.001 28.02 0.001
1 -6.74 0.001 22.73 0.001
2 -6.57 0.001 21.56 0.001

Lumberton–Fayetteville 0 -8.58 0.001 36.79 0.001
1 -8.2 0.001 33.66 0.001
2 -8.51 0.001 36.22 0.001
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Table 3.3: OLS Estimates of Cointegrating Relationships: P 1
t = C + βP 2

t

Market Location C β Model adj−R2

Corn

Cofield – Candor -0.03578*** 0.9805*** 0.9811
(0.0032)a (0.00289)

Nashvile – Candor -0.00933*** 0.98904*** 0.9927
(0.002) (0.0018)

Statesville – Candor 0.04517*** 0.91994*** 0.9631
(0.00424) (0.00383)

...........................................................................

Soybeans

Greenville – Fayetteville -0.10095*** 1.02969*** 0.9952
(0.00285) (0.00151)

Cofield – Fayetteville -0.06986*** 1.02153*** 0.9943
(0.00309) (0.00164)

Lumberton – Fayetteville -0.0521*** 1.00539*** 0.9944
(0.00301) (0.0016)

a Standard errors in parentheses. *** indicates significance at the 1% level, **
indicates significance at the 5% level, * indicates significance at the 10% level
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For corn, the neutral band that represents the smallest price differences is at about

8.9–10.2% (Candor–Nashville), while for soybeans, the smallest neutral band is

about 6.9–9.2% (Fayetteville–Greenville). The largest is at about 22.4–24.3%

for corn (Candor–Statesville) and at about 13.1% for soybeans (Fayetteville–

Lumberton).7 These relationships can be used to indicate linkage strengths in

each market pair because the neutral band reflects the price differences that

are required to trigger equilibrating conditions. For example, price differences

of soybeans between Fayetteville and Greenville need to exceed only 9.2% in order

to trigger conditions that will drive prices back to the market pair equilibrium,

while for Fayetteville and Lumberton, the price differences would need to exceed

13.1%.

Also in tables 3.4 and 3.5, we present the parameter estimates of the variable

threshold autoregressive models. For the symmetric and asymmetric cases,

we used a grid search to determine parameters, which does not permit for a

direct statistical significance inference of the parameter estimates. However,

bootstrapping was performed to determine the standard errors of each value.8

Using the results of the grid search estimates, it is possible to understand the

overall effects that each component of the threshold model has on the transaction

cost neutral band.

7It is somewhat surprising that the Candor–Statesville market pair indicates the largest
neutral band even though these are the geographically closest corn markets in the analysis. This
might be due to various reasons: we do not have information about the volume of trade, which,
if low, can contribute to the large neutral band; a large body of water separates the two markets;
there are various grain transportation laws, which could be enforced with greater strictness near
Statesville.

8Estimation of grid searches for large data sets requires a significant amount of computing
power. Due to this, bootstrapping for the symmetric and asymmetric variable threshold models
was restricted to 200 iterations.
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Table 3.4: Threshold Band Parameter Estimates

U-TARa R-TAR Symmetric Thresholds
(Constant) (Constant) (τt = αo + α1Ft + α2S

1
t + α3S

2
t )

αo α1 α2 α3

Corn
Candor-Cofield 0.1837*** 0.1846*** 3.76*** -0.7449*** -2.1234*** -0.2833

(0.007)b (0.0082) (0.7377) (0.4178) (1.081) (0.6005)
Candor-Nashville 0.102*** 0.0892*** 3.399*** -0.5427 -2.1318*** 0.3324

(0.0083) (0.0152) (0.848) (0.3556) (0.6906) (0.644)
Candor-Statesville 0.2428*** 0.2241*** 3.744*** -1.2014* -1.3306 0.3022

(0.0205) (0.0297) (0.9658) (0.9107) (1.1672) (1.1123)
Soybeans

Fayetteville-Greenville 0.0919*** 0.0919*** 1.3308* 1.4281* 1.0907* 1.7724*
(0.0096) (0.0092) (1.064) (1.0137) (0.75) (1.2024)

Fayetteville-Cofield 0.0965*** 0.0964*** 0.5257 1.9232** -0.0688 2.101
(0.0084) (0.0115) (2.2811) (1.1528) (1.1623) (1.8533)

Fayetteville-Lumberton 0.1307*** 0.1307*** 2.1242** 0.5574 0.8543 1.6881**
(0.004) (0.0073) (1.1656) (1.3112) (0.7335) (1.0158)

a U-TAR represents the unrestricted threshold autoregressive model. R-TAR represents the threshold autoregressive model with the
within-band parameter held at zero, which corresponds to a random walk.
b Numbers in parentheses represent bootstrapped standard errors.
*** indicates significance at the 1% level, ** indicates significance at the 5% level, * indicates significance at the 10% level
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Table 3.5: Threshold Band Parameter Estimates (continued)

Asymmetric Thresholds

(τ
(1)
t = αo + α1Ft + α2S1

t + α3S2
t )a (τ

(2)
t = α4 + α5Ft + α6S1

t + α7S2
t )

αo α1 α2 α3 α4 α5 α6 α7

Corn
Candor-Cofield 0.3023*** 0.2243** 0.2961** 0.2425** 0.4585*** 0.7219*** 0.2786*** 0.4499**

(0.1003)b (0.0987) (0.1686) (0.1228) (0.1568) (0.2064) (0.0897) (0.1952)
Candor-Nashville 0.1209*** 0.1185*** 0.0303 -0.0398 0.1239*** 0.1015** -0.1122** 0.0587

(0.03896) (0.03866) (0.04687) (0.07522) (0.0548) (0.0429) (0.0579) (0.0965)
Candor-Statesville 0.4358** 0.4137*** 0.2567*** 0.4451*** 0.3514** 0.4035** 0.439** 0.2751**

(0.1581) (0.1406) (0.0897) (0.1831) (0.1665) (0.193) (0.1981) (0.1333)
Soybeans

Fayetteville-Greenville 0.3579*** 0.3717*** 0.2159 0.2129** 0.3511*** 0.3957** 0.1036 0.1492
(0.1166) (0.177) (0.1927) (0.1295) (0.1228) (0.2209) (0.275) (0.228)

Fayetteville-Cofield 0.438** 0.3977** 0.3825*** 0.4457** 0.3022** 0.5078*** 0.2522*** 0.4019***
(0.2616) (0.1875) (0.1502) (0.2036) (0.1366) (0.1248) (0.0599) (0.1219)

Fayetteville-Lumberton 0.37*** 0.3517*** 0.4227*** -0.2153 0.2843*** 0.3608*** -0.2137 0.1711
(0.1339) (0.1453) (0.1744) (0.216) (0.0747) (0.1845) (0.179) (0.2737)

a τ
(1)
t represents the upper threshold and τ

(2)
t the lower threshold.

b Numbers in parentheses represent bootstrapped standard errors.
*** indicates significance at the 1% level, ** indicates significance at the 5% level, * indicates significance at the 10% level
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In both the symmetric and asymmetric specifications, it is not surprising

to find that, typically, diesel prices have a significant effect on the thresholds.

Additionally, in almost all cases (the exception being the Candor–Statesville

market pair), both the symmetric and asymmetric variable threshold models

indicate that higher fuel prices imply a wider neutral band. This is intuitive

in the sense that higher transportation costs would cause price pairs to increase.

The coefficients for the seasonality components, in most cases, also have significant

effects on the neutral band. However, the direction and magnitude of these effects

varies across market pairs and across commodities.9

The comparison of the constant, symmetric, and asymmetric thresholds models

indicates that there exist similarities among the constant and asymmetric variable

threshold models. For the constant and asymmetric thresholds specifications,

the estimates imply that the variation that exists in the variable thresholds is

concentrated around the thresholds implied by a constant threshold model.10 How-

ever, the parameters of the symmetric variable threshold model are questionable,

implying a transaction cost band that is unreasonably wide. This may be due

to the inability of the symmetric variable threshold specification to appropriately

account for different price parity behavior at the endpoints of the observed time

series.11 An asymmetric variable thresholds model, however, is more flexible,

which is supported in all cases by its better fit to the data (see table 3.6) as well

9It should be noted that it is difficult to fully identify deterministic seasonal components and
the effects of diesel prices because the fuel prices are likely influenced by seasonality as well.

10We compare the thresholds estimates that are produced by the restricted model. Estimates
from the unrestricted constant thresholds model are insignificantly different.

11In an attempt to decrease the influence of endpoints on the estimation of the symmetric
variable thresholds specification, we restricted the data set to 99%, 95%, 90%, and 85% of all
available data points. However, in all cases, the symmetric variable thresholds model exhibits
the same abnormal behavior.

108



as a more intuitive representation of the transactions costs band. In light of this,

the asymmetric variable thresholds model is preferred over the symmetric variable

thresholds model.

Table 3.6: Comparisons of Sum of Squared Errors for Alternative Models

AR TAR TAR TAR
(Constant τ) (Symmetric τ) (Asymmetric τ)

Corn
Candor-Cofield 0.40621 0.40082 0.25741 0.24912

Candor-Nashville 0.34607 0.34051 0.24297 0.23885

Candor-Statesville 0.67721 0.61355 0.57279 0.5477

Soybeans
Fayetteville-Greenville 0.12468 0.12223 0.12445 0.12392

Fayetteville-Cofield 0.12468 0.12456 0.12226 0.12052

Fayetteville-Lumberton 0.1429 0.14168 0.14097 0.13871

Figure 3.2.2 illustrates the threshold bands that are estimated by each model

for corn and soybeans.12 Although the asymmetric variable thresholds are

concentrated around the constant thresholds, in almost all cases the variable

thresholds indicate a widening of the band toward the end of the time series. This

may indicate that in longer time series data, the variable thresholds models can

better represent long-run behavior of the neutral transaction band. Additionally,

the lower threshold may be less concentrated around the constant threshold than

12In figure 3.7a we present the threshold bands implied by all three specifications in order to
illustrate the poor fit of the symmetric variable thresholds model.
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the associated upper threshold, and vice versa. This is most evident in the case

of the Fayetteville-Cofield and Fayetteville-Lumberton soybean price pairs.13 This

might imply that for longer time series, estimates of the autoregressive parameters

are likely to be sensitive to the assumption of constant thresholds, which has been

noted by Barrett (2001).

In general, the estimates of the asymmetric variable thresholds models indicate

that the band is typically smaller (narrower) later in the calendar year around the

time that the new crop harvest in North Carolina becomes available. In general,

this conforms with intuition because new harvest induces less intra-state trading,

since locally produced commodities are in use. Conversely, the band increases

(broadens) earlier in the calendar when intra-state trading is more prominent.

These effects are confirmed in figure 3.7, which plots the seasonality component

of price bands over 260 weekdays (a calendar year).

Table 3.7 presents the autoregressive parameter estimates and the associated

half-lives14 for the alternative models. Half-lives are a measure of market

integration in that their values indicate the degree to which the price pairs move

toward equilibrium after a shock. In almost every case, the models that do not

incorporate threshold effects imply longer half-lives, which suggests that ignoring

thresholds will bias the adjustment parameters toward zero, and variable threshold

specifications indicate even smaller half-lives in four of the six market pairs. In

general, for corn, half-lives are smaller (twice as small in many cases) than the

13This might be an indication of the different ways that transportation costs and seasonality
factors affect transaction costs, depending on the direction in which the commodity is
transported.

14Half-lives represent the period of time that is required for one-half of a deviation from price
parity to be eliminated. The half-life for an estimated adjustment coefficient, λ̂, is − ln(2)/ ln(1+
λ̂).
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Figure 3.6: Comparison of Threshold Model Estimates.
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(a) Thresholds Model Estimates – Candor-Cofield (Corn)

(b) Thresholds Model Estimates – Candor-Nashville (Corn)
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(c) Thresholds Model Estimates – Candor-Statesville
(Corn)

(d) Thresholds Model Estimates – Fayetteville-Greenville
(Soybeans)
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(e) Thresholds Model Estimates – Fayetteville-Cofield
(Soybeans)

(f) Thresholds Model Estimates – Fayetteville-Lumberton
(Soybeans)
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half-lives for soybeans, implying a faster adjustment of price parities – and stronger

market integration – in North Carolina corn markets. Thus, if threshold effects are

not taken into account, price parity models can incorrectly imply a lower degree

of market integration. Additionally, table 3.8 contains Tsay’s test for threshold

effects and Hansen’s test for differences in parameters across different regimes.

In every case, both test statistics are highly significant, which indicates a strong

presence of threshold effects and difference of parameters across regimes.

Overall, this analysis confirms the presence of threshold effects in price linkages

that exist in corn markets and soybean markets within North Carolina. In

this data set, we find that the asymmetric variable threshold model best fits

the data, and the variability is closely clustered around the constant thresholds.

However, in this rich time series data set, the asymmetric variable threshold model

estimates capture the widening of the transaction cost band around and after year

2005. These changes correspond to contemporaneous rises in fuel prices, increased

variability of corn and soybean prices, and enactment of the Energy Policy Act of

2005 and Energy Independence and Security Act of 200715 The potential effects on

corn and soybean prices that may be triggered by external shocks are a motivation

for analyzing impulse responses.

15The Energy Policy Act of 2005 increased the standards for the use of ethanol-based fuels
in the United States. This resulted in a rise in the demand for ethanol-based fuel production,
causing a rise in the price of corn, and an associated increase of soybean prices. Similarly, the
Energy Independence and Security Act of 2007 appropriated taxpayer funding for promoting the
production of biofuels in the following 15 years.
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(a) Upper Band

(b) Lower Band

Figure 3.7: Seasonality Component of Asymmetric Variable Thresholds Model
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Table 3.7: Threshold Autoregressive Model Estimates

AR Half Lifea U-TAR U-TAR Half Life TAR Half Life TAR Half Life TAR Half Life
λin λout λout λout λout

(Const.) (Symm.) (Asym.)
Corn

Candor-Cofield -0.23283 2.6152 -0.3513 0.4451 1.1769 0.3592 1.5575 -0.3108 1.8622 0.2573 2.3302
(0.02044)b (0.02055) (0.05327) (0.0611) (0.01247) (0.1193)

Candor-Nashville -0.2199 2.7912 -0.3719 0.2743 2.1619 0.2734 2.1703 -0.2899 2.0247 -0.3114 1.8578
(0.02029) (0.02079) (0.04732) (0.0508) (0.01363) (0.0227)

Candor-Statesville -0.24673 2.4464 -0.37823 0.40586 1.3313 0.4843 1.0467 -0.2209 2.7769 -0.1736 3.6352
(0.02039) (0.02128) (0.04789) (0.0633) (0.0144) (0.0488)

Soybeans
Fayetteville-Greenville -0.10799 6.0655 -0.18782 -0.0599 11.2216 -0.108 6.0649 -0.1053 6.2296 -0.1267 5.1164

(0.02103) (0.0302) (0.02911) (0.02937) (0.0376) (0.0405)
Fayetteville-Cofield -0.13419 4.8105 -0.178 -0.0699 9.5655 -0.0699 9.5655 -0.145 4.4247 -0.1555 4.1012

(0.02094) (0.02436) (0.0398) (0.0403) (0.01775) (0.0319)
Fayetteville-Lumberton -0.08591 7.7165 -0.10676 -0.1164 5.6012 -0.1165 5.5960 -0.1008 6.5238 -0.1787 3.5209

(0.02108) (0.02575) (0.0371) (0.0373) (0.03475) (0.0347)

a Half-lives indicate the weekdays required for one-half of a deviation from equilibrium to be eliminated.
b Numbers in parentheses are standard errors.
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Table 3.8: Tests for Thresholds Effects and Nonlinearity

Tsay’s Test Hansen’s Test

Corn
Candor-Cofield 7.51E4 297.4437

[0.0001]a [0.0001]
Candor-Nashville 3.45E5 349.2374

[0.0001] [0.0001]
Candor-Statesville 1.59E5 218.8642

[0.0001] [0.0001]
Soybeans

Fayetteville-Greenville 8.68E4 43.9998
[0.0001] [0.0001]

Fayetteville-Cofield 4.34E5 57.3766
[0.0001] [0.0001]

Fayetteville-Lumberton 2.95E5 46.8915
[0.0001] [0.0001]

a Numbers in brackets are probability values associated with test statistics.

118



3.2.3 Impulse Response Analysis

A useful approach to analyzing the dynamic relationship among market price pairs

is through impulse response functions, which can be used to examine the responses

of prices and price pairs to shocks. For instance, it might be of interest to observe

the effects on prices if there is a decision to build an ethanol-fuel production facility

near one of the corn markets, such as the 110 million gallon corn-ethanol plant

proposed to be built by East Coast Ethanol, LLC in 2008. The plant is proposed to

be constructed in Northampton county, North Carolina – 36 miles west of Cofield,

NC and 53 miles north-east of Nashville, NC. Due to the proximity of the ethanol

plant site to the two corn processor sites, it is expected that a rise in the demand

for corn16 will trigger an associated rise in prices, which may impact, through

market linkages, prices in other North Carolina corn markets.

Similarly, shocks to the poultry industry in eastern North Carolina may lead

to associated demand and price responses in North Carolina soybean markets.

The economic recession of 2008-09 has placed significant financial pressures on

major poultry processors such as Pilgrim’s Pride, causing the company to file

for bankruptcy in December, 2008 and cutting 50 growers in North Carolina.

Because soybeans are an important input to poultry production, incidents such as

the Pilgrim’s Pride bankruptcy may lead to an associated decrease in the demand

for soybeans in eastern North Carolina. However, because North Carolina soybean

markets are linked (as shown above), the price shocks in a particular geographical

region may be transmitted to soybean markets in other parts of the state. By

16On average, 2.8 bushels of corn are required to produce 1 gallon of corn-ethanol. This
implies that for a 110 million gallon corn-ethanol plant, 308 million bushels of corn are required
to maintain full production capacity.
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implementing impulse response functions, it is possible to learn about such price

transmission behavior within interrelated markets.

We examine post-shock response of both the price parity relationship and

individual prices in linked markets. A nonlinear impulse response function is

used, which defines a response, Ωt+r, as a function of all previously observed

data (it, it−1, . . .) and a shock (ψ). Thus, for both markets we select the last

observation in our data set (31 July, 2008) to determine the responses to negative

and positive shocks.17 This approach is consistent with previous studies that

examine price linkage behavior in agricultural markets, such as Goodwin and

Piggott (2001) and Balagtas and Holt (2009). Specifically,

Ωt+r = E[It+r|It = it+ψ, It−1 = it−1, . . .]−E[It+r|It = it, It−1 = it−1, . . .]. (3.7)

It is necessary to note the nonstationarity of price data as well as the error

correction properties. Due to these factors, shocks may elicit responses that are

temporary, such that there is a return to the initial time path of the variables, or

permanent, causing a persistent shift in the time path. For all analyses, we used

a one-half standard deviation as the shock amount.

Figure 3.8 illustrates the responses to positive and negative shocks of the price

parity relationships between a central market and an auxiliary market j. For corn,

17As discussed in Gallant, Rossi, and Tauchen (1993), Potter (1995), and Koop, Pesaran,
and Potter (1996), an alternative approach is to observe the effects of a particular shock on
all possible histories. The difficulty, however, is appropriately summarizing the information
attained by applying a shock to the various historical data. A frequent method is to average the
outcomes; however, this may result in a loss of important information. For example, averaging
can difference out discrepancies that might exist in the various impulse responses or weaken the
effects of asymmetric shocks.
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the shock responses end between 10 and 20 weekdays (approximately one to two

weeks), while all of the shock responses in the soybean markets last under one

week. Additionally, five of the six market pairs exhibit a movement back toward

the original price parity relationship; only in the Candor–Cofield market pair, the

resulting price pair relationship is greater than the initial shock amount.

Figure 3.8: Long-run Impulse Response Functions: Asymmetric Variable
Thresholds Model

In addition to examining the impulse responses of long-run price pair rela-

tionships, we use a generalized threshold autoregressive model, which allows for

short-run components of price interrelationships. Using the generalized threshold
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autoregressive specification, we can attempt to better capture the dynamic aspects

of linked market price pairs after a shock to the price of a particular market.

Unlike the long-run impulse functions, which can be used to examine the post-

shock path of the price pair, short-run impulse response functions can be used to

observe the individual price paths in each market. Specifically, we consider the

following model,

P̃t = θ[α(1) + Θ(1)∆Pt−1 + λ(1)zt−1]

+(1− θ)[α(2) + Θ(2)∆Pt−1 + λ(2)zt−1] + εt,
(3.8)

where P̃t is an (n × 1) vector of price differences, such that the first element

(P̃1t) represents price differences in the central market and the second element

(P̃2t) represents the price differences in the jth market. Additionally, α is an

(n×1) vector of constants, Θ is an (n×n) matrix of coefficients on the differences

of lagged prices, and λ is an (n × 1) vector of coefficients on the error vector

correction term.18 Finally, ε is an (n× 1) vector of error terms.

Similar to equation (3.3), there is a transaction costs band, such that

θ =

 1 if zt−1 T τt

0 otherwise
, (3.9)

We allow for asymmetries in the transaction costs bands according to the threshold

variable, τt, where τ is defined in equation (3.4). We estimate short-run impulse

response functions for constant and asymmetric variable threshold models. In

order to incorporate variable thresholds, we perform in-sample impulse response

18We assume that price differences between markets that do not exceed the transaction cost
band follow a random walk. This corresponds to following: zt−1 = P1,t−1 − P2,t−1.
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functions, which use parameters estimated in section 3.2.2.

Figure 3.9 illustrates responses to positive and negative shocks to prices in

the central market for the constant and variable thresholds models. Similarly,

figure 3.10 shows responses to price shocks in the jth market. In almost all cases,

the initial price responses are as expected, in that the larger response is associated

with the market in which the shock occurred. Additionally, the nonstationarity of

the price series is reflected in the permanent shifts of the price paths after a shock.

Generally, positive shocks lead to prices equilibrating at a higher level in both of

the linked markets, and conversely, negative shocks lead to price equilibration

at lower levels. This might imply that, although equilibration of the price pair

relationship occurs, the market in which the price shock transpires influences

the direction and level at which the price pair equilibrates. However, in some

instances, we observe negative shocks leading to price equilibration at a level that

is higher than the pre-shock price level.19 This type of outcome is only evident in

the richer asymmetric variable thresholds model; specifically, in the Fayetteville–

Cofield market pair.

Also, although the direction and general time path of the impulse response

functions are similar for markets across models, the magnitude of the impulse

response as well as the time path of the price variable are noticeably different

in the different specifications. First, it is almost always the case that when

using the asymmetric variable threshold model parameters, shocks in the central

and auxiliary markets lead to larger price movements, which often results in

greater post-shock price differences. Additionally, unlike the time path of the

19Similarly, positive shocks can lead to price equilibration at a level that is lower than the
price level before the shock.
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(a) Constant Thresholds Model

(b) Asymmetric Thresholds Model

Figure 3.9: Short-run Impulse Response Functions: Shock to the Central Market
Price
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(a) Constant Thresholds Model

(b) Asymmetric Thresholds Model

Figure 3.10: Short-run Impulse Response Functions: Shock to the jth Market
Price
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price variable that is characterized by the constant thresholds model, the price

movements in the asymmetric variable thresholds model often exhibit jumps across

regimes. These differences can be attributed to allowing the neutral transaction

costs band to vary according to external factors.

Despite the important differences that surface when the variable thresholds

model is used, the price behavior that is exhibited in both specifications strongly

supports long-run market integration. This result is consistent with the findings

of Goodwin and Piggott (2001). Regardless of whether isolated price shocks

occur in the central or auxiliary market, the impulse responses reflect behavior

that is consistent with converging prices. In general, when a price in the central

market is shocked, there is a longer time-to-convergence than that of a shock to

the jth auxiliary market. However, the time-to-convergence is typically longer in

the asymmetric variable thresholds model, which might be due (as above) to the

effects of external factors on the neutral transaction costs band. While responses

to market shocks begin to expire in 10–15 weekdays in the constant thresholds

specification, the responses in the variable thresholds model typically last 20–30

weekdays.

Overall, the comparison of impulse response functions using the alternate

specifications indicates that the constant thresholds model may underestimate the

time-to-convergence as well as the magnitude of the effect that a shock can have

on prices in linked markets. Relaxing the assumption of a constant transaction

costs band by allowing thresholds to vary according to external factors can lead to

an improved representation of price parity relationships in interrelated markets.

This can be crucial in examining the potential effects of policy as well as other
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events that can trigger shocks to North Carolina corn and soybean markets.

3.3 Conclusion

This analysis examines spatial price linkages in North Carolina corn markets

and soybean markets by using asymmetric, threshold autoregressive and error

correction models. The primary motivation was to remove several restrictive

assumptions that have been used in previous literature. Specifically, we allow

thresholds to vary according to external factors, such as a fuel price index and

seasonality effects, implying an analysis of linked price dynamics with a variable

neutral transactions costs band. This extends the analyses within the existing

literature, which restricts the band to be constant.

In general, our results confirm the findings of Goodwin and Piggott (2001).

The variable thresholds models indicate that prices in North Carolina corn and

soybean markets are highly interrelated, but the statistically significant presence

of threshold effects may influence the price linkages in the spatially separated

markets. However, relative to constant thresholds models, specifications that

allowed for variable thresholds had a better fit to the data and implied faster

adjustments to deviations from spatial equilibrium. Specifically, asymmetric

variable thresholds model typically outperformed the alternative constant and

symmetric variable thresholds specifications.

Additionally, we use nonlinear impulse response functions to evaluate the

behavior of dynamic adjustments to localized price shocks. In both the constant

and variable thresholds models, the responses strongly suggest high market
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integration and quick equilibration of price paths. However, in many cases the

magnitude of the post-shock price change as well as the time-to-convergence are

larger when the asymmetric variable thresholds model is used. This might imply

that using a model that assumes a constant transaction costs band may lead to

underestimating the overall post-shock price effects in North Carolina corn and

soybean markets.
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Conclusion

Many important questions in agricultural economics require the acknowledgement

and careful interpretation of spatial and temporal issues. Without addressing and

correctly modeling these issues, the results that are derived from the analytical

research may lead to incorrect inferences. In light of this, this research sought to

examine current, relevant, and important questions in agricultural economics using

modern econometric techniques, which appropriately model spatial and temporal

factors. Moreover, the analytical results were used to propose and analyze various

policy implications that may improve social welfare. Ultimately, the crux and

motivation of this disquisition was to examine real world problems in modern U.S.

agriculture and seek to address them in the most informed manner possible.

In the first decade of the twenty-first century, the sectors of the two most

produced agricultural commodities in the United States, corn and soybeans, faced

two important concerns: invasive species and volatile market prices. In this

research, we pose and attempt to answer relevant questions that are directly

related to these two major concerns in the U.S. corn and soybean industries. A

characteristic that is common to both of the topics is the presence of spatio-

temporal factors. Whether it is the spread of a disease from one farm to

another or related price movements that exist in linked agricultural markets,
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understanding and modeling spatial and temporal components has provided an

improved knowledge of these phenomena. In turn, using the improved analytical

results, informed and applicable policy solutions are offered.

Chapter 1 examined the impacts of soybean rust, a wind-borne fungal disease

of the soybean plant introduced into the United States in 2004. Conditions for

spread and survival are optimal in the continental United States, which makes

soybean rust an annual concern for soybean farmers; an outbreak of the disease

can cause major yield losses, which can lead to low supplies, depleted stocks, and

price shocks that can ripple across the entire economy. Due to these potentially

devastating impacts of the disease, this study sought to understand the risks of

an infection faced by soybean farmers and possible policies that can be offered to

indemnify farmers for losses related to an outbreak.

In studying these two points, it was necessary to examine the pathological

characteristics of the disease, the effects of climatological conditions, and the

interaction of human behavior, such as inspection frequency and farming decisions.

The interaction of these various factors helped develop an analytical specification

that would appropriately model the probabilities of soybean rust infection,

taking into account the associated spatial and temporal attributes. However, in

developing the specification, it was necessary to adjust for various idiosyncrasies

of the available data. First, instrumental variables were used to account for the

potential endogeneity between inspections and reported cases of soybean rust.

Next, zero-inflated Poisson and zero-inflated negative binomial models were chosen

to represent the excessive amounts of non-find observations in the data set. These

models statistically outperformed the typical count data models (Probit, Poisson,
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and negative binomial), and provided more intuitive inferences.

The outcomes of the econometric analysis indicated that past soybean rust

finds, inspections in the county and in nearby counties, weather and overwintering

conditions, plant maturity groups, and planting dates are statistically significant

in determining infection risk of soybean rust. These results were then used to

calculate actuarially-fair premium rates, which could be implemented to design

a single-peril insurance or indemnification policy that would offer protection for

farmers affected by the disease. The study presented various justifications for

using a single-peril insurance program such as minimization of adverse selection

and moral hazard.

The issue of invasive species was generalized in chapter 2, in which an

alternative indemnification policy was proposed to protect producers that could

be affected by any wind-borne disease. The question of importance was whether

social welfare could be enhanced by implementing a policy that would target

all sources (indirect and direct) of loss due to a disease outbreak, rather than

targeting only the direct source (the affected producer). These welfare benefits

would include decreased costs for producers that are near the infected area,

minimization of consumer price increases that might result due to negative supply

shocks, and reduction of taxpayer contributions that are used to subsidize standard

indemnification programs. The proposed alternative policy would be implemented

using a check-off on the producer of commodity.

Applying the proposed policy to the case of soybean rust (and using the results

of chapter 1), the equilibrium displacement model was used to simulate a check-

off program, as well as loss scenarios under the standard and proposed policies.
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The analytical results strongly suggest that the proposed mitigation policy can

generate significant social welfare benefits, relative to the indemnification policies

that are currently in place. First, the check-off program would minimally decrease

the output of soybeans, lead to a very small increase to the price paid by

consumers, and most importantly, generate a fund of reserves that would be used

to provide indemnification to affected farmers as well as mitigation payments to

nearby producers, used to prevent the spread of the disease. The potential social

welfare could be increased by as much as $1.7 billion, while uses of undistributed

fund revenues could include subsidization of early warning systems, research and

development of disease-resistant plants, and contributions to a worst-case scenario

fund.

While chapter 1 and 2 examined a possible catalyst for causing increased

volatility of commodity prices, chapter 3 sought to explain the relationship of price

movements in linked corn markets and soybean markets within North Carolina.

Other important factors for North Carolina corn and soybean producers were

the 2005 and 2007 legislations that increased the demand for corn-based biofuels,

historical escalation of fossil fuel prices, and the economic downturn of 2007 –

all of which played a significant role in increasing the levels and volatility of

corn and soybean prices. Such price movement prompted an examination of

price transmission behavior that occurs in linked, spatially separated markets.

Specifically, this research extended the model of Goodwin and Piggott (2001),

which uses a threshold autoregressive specification to determine a constant neutral

band of transactions costs, within which trade is not profitable. However, noting

the recent changes in fuel prices, the assumption of a constant neutral band was
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relaxed such that the transaction costs band was allowed to vary with fuel prices

and seasonality factors.

Using daily price data from spatially separated corn and soybean feed mills,

processors, and elevators in North Carolina, the estimated variable thresholds

specifications statistically outperformed the constant thresholds model. The

empirical results were then used to simulate price shocks in order to examine

the resulting price behavior that occurs in the linked markets. For producers,

knowledge of such price behavior is crucial, because it allows a more accurate

understanding of market linkages and a better preparedness for events that may

bring about price shocks, such as those that may result from the construction of a

corn-ethanol processing plant or financial problems in the poultry industry. The

comparison of impulse response functions using the constant threshold model and

the asymmetric variable threshold model indicated that the former underestimated

the time-to-convergence and the magnitude of the price changes that occur due

to a shock.

Overall, this research focused on investigating current and relevant questions

in agricultural economics using modern econometric techniques, and then make

the most informed inferences possible. Specifically, the issues that were examined,

the spread of wind-borne diseases across U.S. farms and price transmission in

linked spatially separated markets, required an understanding and appropriate

modeling of spatial and temporal factors. The analytical results were then used to

offer policies that could be used to increase social welfare. However, as economic

conditions, data availability, and econometric techniques change and evolve, this

research should be assessed and extended in order to maintain the relevance and

applicability of its inferences.
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