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ABSTRACT

Projected future climate changes in the US Corn Belt provides motivation to study
how these changes will affect the volatility of crop prices. Recent publications focused on
how these changes in climate and climate variability affect the volatility of crop prices
and yields, but we are aware of no research that focuses on how the changing of climate
variability alone will affect the volatility of yields and area, as well as the market
consequences. Considering these indicators, past publications do not account for the
timing and intensity of weather variables when estimating the price impacts of climate
driven changes to yields and area. This study builds on the previous literature to estimate
how the timing of specific weather variables, important to corn yields and area, will
affect the volatility of corn prices. The study finds that, under future climate scenarios,
corn price volatility could increase, causing a potential change in producer receipts and a

potential increase in government costs.
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l. INTRODUCTION

Climate change has been a relevant topic for years now, and its implications are
being predicted, and revealed, more and more as time goes on. Research that focuses on
the relationship between the climate and agriculture is fairly common due the obvious
interaction between the two disciplines, but there are still many uncertainties — even at
the regional level. This study focuses on how climate variability will impact agriculture,
because it has been studied much less than climate change. Studies such as Schlenker and
Roberts (2009) and Miao et al. (2015), have looked at how US crop yields and area will
be impacted by changes to the averages of climate variables, but they do not go into
much detail about how changes in climate variability will affect these same agricultural
variables. The economic effects that will result from climate driven changes in
agriculture are difficult to determine because there is a large number of variables that
must be considered in these estimates. More specifically, the agricultural economic
effects of climate change and variability must consider the social sciences behind crop
area, consumption, stocks, and trade in addition to the physical science behind
climatology and plant physiology. Diffenbaugh et al. (2012) and Thompson et al. (2016)
have estimated how future climate scenarios will increase crop price volatility, but the
goal of these studies is not to measure how a shock to the timing of weather events will
affect price volatility. This paper attempts to use a blend of previous literature and
economic theory to estimate how changes in future climate variability, specifically

precipitation, will transfer to corn price volatility.

Diffenbaugh et al. (2012) and Thompson et al. (2016) estimated how average
changes in weather variables will increase corn price volatility. However, these studies do
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not specifically align the timing of weather variables with agronomic theory. Instead,
Diffenbaugh et al. (2012) uses a growing season average as a precipitation estimate, and
Thompson et al. (2016) relies on statistics to select the time period of its yield

determining weather variables. Their methods serve as the starting point for this study.

As explained above, the question in this paper is how a change in the variability
of weather during vulnerable growing stages will affect the volatility of the corn market.
Relying on previous literature, corn physiology, and statistics, the study uses July
precipitation as the single yield altering climate variable. The study also incorporates how
changes in climate variation will impact corn area, because precipitation is a key factor in
determining when a producer can work their land. The climate variable used to estimate

corn area is May precipitation.

This study develops and uses a partial equilibrium (PE) model to estimate how short-
term US corn prices, farm revenue, area, yields, stocks, and trade will change under
different precipitation scenarios. To do so, we perform a series of shocks to the standard
deviations, but not the averages, of the climate variables to provide evidence to whether
or not previous studies may have over or under estimated price volatility in future climate
scenarios. Understanding the climate driven price volatility of the future market will help
grain producers, grain consumers, and policy makers to better prepare for the increased
price risk. We are not aware of any other study that focuses on the impacts of climate

change on crop yields, area planted, and market volatility.

This study finds that increased climate volatility in the US Corn Belt could result
in more volatile corn prices, which may expose the relevant market players to increased

price risk. The results suggest that there could also be increased variability in corn yields,
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area harvested, stocks, net farm revenues, and trade, which all likely contribute to the

increased price risk.



Il. REVIEW OF LITERATURE

As previously noted, the agricultural implications of climate change have been
widely studied, especially in recent years. The literature relevant to this study focuses on
the effects of climate variability on crop yields and area harvested, and consequently, on
the volatility of crop market prices and quantities. Previous publications have looked at
how average changes in climate variables may affect the volatility of crop yields, area,
and prices, but there is no known publication that has focused on how changing climate
variation will affect the volatility of agricultural markets while taking yield, area, and
market effects into account. Furthermore, the previous literature does not account for the
agronomic implications of the timing of weather events. The combination of the

publications reviewed below provide the starting point this study.

Climate Change

The literature generally relies on the future climate predictions developed by the
International Panel on Climate Change (IPCC). The IPCC is a multidiscipline,
multilateral research committee that estimates the future climate and its implications, and
it releases a report approximately every seven years. In its most recent publication,
Assessment Report 5 (AR5), the IPCC predicts four likely climate scenarios that are
based on the relative concentration pathways (RCPs), of future greenhouse gas (GHG)
concentrations. Each RCP depends on if and when the atmospheric GHG concentrations
stop increasing. Under all four RCP scenarios in AR5, the global temperature is expected

to increase, but the severity of the temperature increase is uncertain (Table 2.1).



The IPCC also goes into some regional detail of its future climate expectations.
Relevant to this study, the IPCC compares Central North American temperature and
precipitation data from 1986 to 2005 with their estimates for the period of 2016-2035
under the four RCP scenarios (Table 2.2). They estimate under RCP 4.5 that average
temperatures in June, July and August (JJA) will increase between 0.3° C and 2.3° C
during their prediction period (IPCC ARS5, 2013). The IPCC found a less conclusive
result for precipitation under the same scenario. They estimate that the percent change of
precipitation across the region in April through September (AMJJAS) will range from a
7% decrease to a 9% increase. Furthermore, the percent change in precipitation at the 50"
percentile of the model results is zero. To summarize, the IPCC’s estimates suggest that
in the Central United States average temperatures in JJA will increase, but their estimated
changes in rainfall patterns suggest that precipitation in AMJJAS may become more

uncertain.

The IPCC’s precipitation projections suggest that the uncertainty of future
precipitation might increase, but these specific projections do not explicitly suggest
increased precipitation variability (IPCC AR5, 2015). The IPCC does, however, claim
that heavy precipitation events in North America are likely to increase (IPCC AR5,
2015). Arritt (2016) goes further than these IPCC projections and suggests that future
precipitation in the US Corn Belt may become more variable. The study projects a
possible slight increase in summer precipitation over the region, but a much larger
increase in the frequency of heavy precipitation events. This finding suggests that rainfall
averages might not drastically change, but there might be large increases in the frequency

heavy precipitation. This projected increase in heavy precipitation combined with the



small change in average total precipitation suggests increased precipitation variability
over the region. Furthermore, the study suggests that the variability of climate might be

more important than the averages in the US Corn Belt.

Table 2.1: IPCC AR5: RCP Scenarios

RCP Scenario | GHG Concentration Scenario World Temperature Increase

RCP2.6 Peak and Decline by 2100 15°C
RCP4.5 Stabilization at a lower level by 2100 25°C
RCP6.0 Stabilization at a higher level by 2100 3.0°C
RCP8.5 Rising emissions through 2100 49° C

Source: IPCC AR5 (2013)

Table 2.2: IPCC AR5: Temperature and Precipitation Estimates 2015-2036

Scenario  Period Min 25t 50t 75t Max
Percentile  Percentile  Percentile
Temperature (° C)
RCP 2.6 JJA 0.4 0.7 1.2 14 2.2
RCP 4.5 JJA 0.3 0.8 11 14 2.3
RCP 6.0 JJA 0.4 0.6 0.9 1.2 1.8
RCP85 JA 0.5 1.1 1.2 1.4 2.3
Precipitation (% Change)
RCP 2.6 AMJJAS -8 -1 1 4 8
RCP 4.5 AMJJAS -7 -2 0 3 9
RCP6.0 AMJIAS -6 0 2 3 9
RCP 8.5 AMJJAS -9 -2 1 3 9

Source: IPCC AR5 (2013)

Corn Growth and Weather

Weather plays an important physiology role in the determining of corn yields.
Corn has many growth stages (Table 2.3) and the timing of weather related stress is an

important factor when determining how this stress will affect the resulting yields. Corn is



especially vulnerable to hot and dry weather during the tasseling and silking growth
stages. (Nielsen, 2016; Nielsen, 2016). The timing of when these two growth stages occur
IS inconsistent because they vary based on many things including planting date, variety,
farming practices, and location. For this research, the beginning of these stages is
assumed to be approximately 65 to 75 days, estimated from 1400 growing degree days,
after corn is planted (Neild and Newman, 1990; Abendroth, ElImore, Boyer and Marlay,
2011). Even with this assumption, it is still difficult to estimate when exactly in the
calendar year these growth stages will occur, because corn planting dates differ based on
things such as farming practice, variety, and the region in which the corn is planted.
Under the assumption that corn is typically planted in the Central US Corn Belt between
April 15" and May 15™, the reproductive stage is calculated to begin between June 20™
and July 30" (Neild and Newman, 1990). Unfortunately, the readily available climate
data is based on monthly, not daily, data. The choice was made to use July weather
variables because the above calculation suggests that July is more likely than June to
encompass the previously stated vulnerable growth stages. It should be noted that the

assumptions made above are limitations of this study.

Table 2.3: Corn Growth Stages

Growth Stage Appearance Growth Stage ~ Appearance

VE Emergence R1 Silking
V5 5th leaf R2 Blister
V10 10th leaf R4 Dough
V15 15th leaf R5 Dent
VT Tasseling R6 Maturity

Source: Adapted from (Nafziger, 2009)



Yield models

Schlenker and Roberts (2009) and Miao et al. (2015) provide the most relevant
corn yield models for this paper. Schlenker and Roberts (2009) studies the nonlinear
relationship between temperature and US corn yields. The article uses the range in daily
temperatures at the county level in the US to determine how temperatures affect crop
yields. The authors find that every day during the growing season that the temperature is
above 29° C, the resulting corn yield drops off sharply. They also determine that summer
temperatures below 29° C have no impact or a very small positive impact on yields. The
study estimates that, relative to a 24-hour day with a temperature of 29° C, each 24-hour
period at 35° C results in an approximately 5% decrease in corn yields and each day at

40° C results in an approximately 7% drop off in corn yields.

Schlenker and Roberts (2009) also looks at how average total precipitation in June
and July may offset high temperatures. They determine that increased precipitation
during the periods of high temperatures may mitigate some of the impacts of the heat.
They estimate that with increased precipitation, each 24-hour period with temperatures of
35° C will result in only an approximate 3% decrease in yields, and each 24-hour period
with temperatures of 40° C will only result in an approximate 5% decrease of yields. The
authors also look at how July temperatures affect corn yields relative to the rest of the
growing season months because tasseling usually occurs in July. They find, with
statistical significance, that July temperatures effect corn yields more than the other
months of the growing season. They discount this finding by acknowledging only a small
R2 increase when an exogenous July temperature variable is introduced. Schlenker and

Roberts (2009) provides a starting point for future research.
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Miao et al. (2015) is another recent publication that estimates not only how
climate variables affect corn yields, but also how they affect corn area in the US. The
study uses data from agriculturally relevant, rain fed counties east of the 100" meridian
between the months of March and August for the years 1977 to 2007. The corn yield
model relies on the following variables: growing degree days (GDDs), GDDs squared,
over-heat days, monthly average precipitation, monthly average precipitation squared,
temperature deviation from the monthly mean, a time trend, and a time trend squared. It
should be noted that the study uses three models, and the previously stated variables are
used in model one with no additions. Models two and three use the same variables as
model one, but they include a dummy variable to account for the Federal Agriculture
Improvement and Reform Act of 1996 (FAIR Act). The FAIR Act was a major policy
change that took place during the reference period of the study, and it is presumably
included because it could have changed producer revenue expectations. Model three
makes another addition to include a crop price term and fertilizer price term. Although
Miao et al. (2015) argues in the favor of the model with the price effects, a version
without the price effects is more comparable with the yield equation estimated in the
present study. Therefore, model two is chosen to be reviewed because it is the most
relevant to this study. The chosen model estimates that, of the time specific weather
variables, July is the most influential on corn yields precipitation (Table 2.4). For
completeness, the weather results from the model that includes the price terms are also
shown, and these results also suggest that July is also the most important month for
precipitation (Table 2.4). The findings of Miao et al. (2015) that demonstrate the

importance of July weather, specifically precipitation, is an important take away of their



research because their findings support the variables selected for the yield equation in this

study.

Miao et al. (2015) also estimates how weather variables affect corn acreage in a
similar manner. They find that there is a statistically significant, negative relationship
between corn acreage and April precipitation. Their results show that precipitation in
May in also has a negative relationship with corn acres, but this result is not statistically
significant. The study also independently tests soybeans acreage with the same model,
and finds that May precipitation has a statistically significant, positive effect on soybean
acres. They suggest that this relationship indicates that May precipitation discourages
corn planting, and instead results in more soybean acres. This is a reasonable finding
because if a producer cannot get into his field during May, then they may decide to plant

more soybeans instead of planting corn very late in the season.

Equilibrium Model

The two types of equilibrium models seen in the literature are partial equilibrium
(PE) models and general equilibrium (GE) models. The difference between the two
models is that a GE model includes all sectors of the economy, while the PE model
represents explicitly only a specific portion of the economy. Both types of models are
common in the literature. There is some variation in the PE models used in the literature,
but the research that uses a GE model often uses the Global Trade Analysis Project
(GTAP) model. While still useful, the general limitation of using a PE model is that it
may over or under estimate economic impacts of a shock because it does not explicitly
include all markets that the respective shock may have an important effect on. Nelson et

al. (2014) provides a relevant example of this by comparing the results of climate impacts
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on agriculture between five accepted GE models and four accepted PE models. The
results from the study suggests that the PE models might overestimates the climate
impacts of agricultural yields, area, and price but might underestimates the impact on
consumption. Understanding the possible limitations of using a PE is important when

looking at past literature.

Diffenbaugh et al. (2012) is the first study focused on how climate driven yield
changes in the US Corn Belt will affect US corn price volatility. The study uses a form of
the GTAP model to estimate the price impact of climate change by shocking corn yield
variability. The basis for the shock comes from a climate scenario that is estimated in the
IPCCs Assessment Report 4 (2007), and their chosen scenario is most similar to the
previously defined RCP 6.0 scenario. The resulting values from this climate scenario are
then used in an adapted Schlenker and Roberts (2009) yield equation for the time period
2020 to 2040. The relevant climate variables used in the Schlenker and Roberts (2009)
yield equation are growing degree days (GDD) between 10° C and 29° C, GDD over
29° C, and average precipitation over the growing period. Under the selected climate
change scenario, the authors estimate less than a 6% increase in GDD between 10° C and
29° C, an increase between 100% and 160% of GDD over 29° C, and up to a 50%
increase in growing season precipitation. The study then imposes these climate changes
into their yield equation to find that yield variability might increase from a historical
value of 22% to a future projection of 48%. For reference, the study uses the period 1980
to 2000 for its historical data and it uses the period 2020 to 2040 in its projections to
calculate future yield variability. The authors then double the supply volatility and

observe the effects that this shock has on corn price volatility in their adapted GTAP
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model. . More specifically, the study introduces this climate driven increase to the
volatility of corn yields as a shock to the volatility of corn supply in the GTAP model.
They then observe how this supply shock will affect price volatility. The model suggests
that from 2020 to 2040 the doubling of the corn yield variation will result in the percent
change of standard deviation for year to year corn prices to increase by a factor of
approximately 3 to 5 times. The authors also test how corn prices react to the climate
shock when the shock is applied with high oil prices, low oil prices, the current ethanol

mandate, and the discontinuation of the ethanol mandate.

Diffenbaugh et al. (2012) is a field advancing study, but it still has, and identifies,
its limitations. First, it uses average total rainfall as a measure of precipitation, which, as
they note, does not account for the “frequency or intensity” of rainfall. This is concerning
because the timing of rain is likely more important than the total amount over a six-
month period. Second, the study does not allow price to affect yields. For example, if
there is a sharp increase in prices, then a farmer might increase fertilizer usage in an
effort to increase crop yields, but the model does not allow for this type of response to
happen. Third, the study does not explicitly represent the supply and demand for stocks,
leaving stock change implicitly as part of aggregate demand. Ending stocks demand is
probably more elastic than overall demand, meaning that ending stocks might be able to
stabilize prices in future climate scenarios. Diffenbaugh et al. (2012) does not explicitly
represent stocks, and because of this choice the possible price stabilizing effect of stocks
is missed. Fourth, the study looks only at how climate change will impact one crop, while
holding the rest of the crops constant. There are other limitations in the model, but the

four noted here are most relevant to this research.
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Thompson et al. (2016) identified some of these limitations in a similar study that
compared a model that included not only corn, but also soybeans in the US Corn Belt.
They acknowledge the value created by Diffenbaugh et al. (2012), but point out that
climate does not only effect corn yields. Thompson et al. (2016) expects that focusing
only on one crop may underestimate the effect of climate change on agriculture. They use
a PE model developed by the Food and Agricultural Policy Research Institute at the
University of Missouri (FAPRI-MU) combined with future climate predictions from the
North American Regional Climate Change Assessment Program (NARCCAP) in their
experiment. Furthermore, the authors allow for stocks to react to the market through an
explicit behavioral equation and also incorporate some automatic policy responses into
their model. Similar to Diffenbaugh et al. (2012), Thompson et al. (2016) uses the
equation developed by Schlenker and Roberts (2009) to estimate the future climate driven
changes to yield variability. Thompson et al. (2016) then uses these yield projections in
the FAPRI-MU PE model to estimate how the increased yield variability will affect price
volatility. They estimate yields under future climate change scenarios for only corn, only
soybeans, and then both corn and soybeans. They find that future changes average corn
yields will range from +2% to -18% and future changes in corn yield standard deviation
will range from -1% to +27%. The changes in corn price that result from the climate
driven yield shock are a 5% to 30% increase in average prices and an 11% to 66% change

in the corn price standard deviation.

The main purpose of Thompson et al. (2016) is to provide evidence that a single
crop model underestimates the impact of climate change, and although it may not seem

extremely relevant to the goal of their paper, the omission of changes to the timing of
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weather variables is still a limitation of their study. The article relies on historical
statistics to determine which weather variables affect yields, instead of using a more
physiological approach to determine these variables. This method may make more sense
for their purpose, but it does not answer the question of how the timing of precipitation

may affect markets.

It should be noted here that the results in Thompson et al. (2016) are not directly
comparable to Diffenbaugh et al. (2012) for a couple of reasons. First, the studies use
different methods in measuring volatility. Diffenbaugh et al. (2012) estimates volatility as
the standard deviation of the year-to-year changes in both price and yield, but Thompson
et al. (2016) does not explicitly identify a volatility term, and instead just states the
averages and standard deviations in their results. An exact comparison between the two is
not possible with only the data available in the respective publications. Moving to more
fundamental difference, the studies use different time periods in their model estimates.
Diffenbaugh et al. (2012) uses the period 2020 to 2040 while Thomson et al. (2016) uses
a shorter time period of 2016 to 2026. Next, the two studies impose, similar, but different
climate shocks in their model, which might cause their results to differ. A comparison of

these two studies with the results in this study is shown in the RESULTS section.

To conclude, both of these studies determine that climate change will increase
market volatility, but neither of them attempt to determine how climate variability and the
timing of precipitation will affect markets, particularly taking into account the impacts on
crop yield and area. This study plans to research the market implications of future climate

change as set by the IPCC. The study uses methods accepted in previous studies as a
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starting point, but applies such methods in a different way to measure how the timing of

future climate events could affect the volatility of the future market.

Table 2.4: Miao et al. (2015) Climate Variable Coefficients

Model Il - No Price Variables

Model Il - Price Variables

Variables Coefficient Stand. Error | Coefficient Stand. Error
Precip. in March 0.008 -0.011 0.0194* -0.011
Precip. in March Sq. -6.04e-5* -0.0000363 -0.0001*** -0.0000393
Precip. in April -0.013 -0.011 -0.018 -0.011
Precip. in April Sq. 0.00000878 -0.0000376 0.000022 -0.000039
Precip. in May 0.039*** -0.01 0.025** -0.011
Precip. in May Sq. -0.0002*** -0.000031 -0.0002*** -0.0000313
Precip. in Jun. 0.122%** -0.01 0.121*** -0.01
Precip.in Jun. Sq. -0.0004*** -0.0000361 -0.0004*** -0.0000359
Precip. in July 0.184%*** -0.012 0.176*** -0.012
Precip. in July Sq. -0.0004*** -0.000042 -0.0004*** -0.000041
Precip. in Aug. 0.0844*** -0.009 0.069*** -0.01
Precip. in Aug. Sq. -0.0002*** -0.0000288 -0.0002*** -0.0000312
Temp. deviation, Mar. | 0.418** -0.196 0.053 -0.216
Temp. deviation, Apr. | 1.160*** -0.213 1.018*** -0.226
Temp. deviation, May | 0.311 -0.233 0.802*** -0.262
Temp. deviation, Jun. -1.079*** -0.233 -1.488*** -0.264
Temp. deviation, Jul. -1.340%** -0.272 -0.515 -0.324
Temp. deviation, Aug. | -0.502** -0.229 -0.776*** -0.243

Source: Miao et al. (2015)
* - 10% significance; ** 5% significance; *** 1% significance
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1. METHODOLOGY

Model Structure

The model in this study is designed to use both US and rest of world (ROW)
Supply (SUPPLY) and Demand (DEMAND) to calculate a market price that balances the
net trade between the two regions (Figure 3.1). The US is a net exporter of corn, while
the ROW is a net importer of corn. In the model, a Market Price (PRICE) of corn will
change until the US net exports (NETEXPus,) balance with ROW net imports
(NETIMPRrowy). In order for the NETEXPust and NETIMProw, « to balance, the PRICE is
transmitted to the US and ROW and affects the quantity of supply and demand variables.
Demand variables include Consumption (CONSUM) and Ending Stocks (ENDSTK),
while supply variables include Production (PRODUC) and Beginning Stocks (BEGSTK).
Although it is not decomposed in Figure 3.1, the PRODUC variable calculated from the
variables Yield (YIELD) and Area Harvested (AREAHV), which are used to reflect the
timing of producer planting decisions and to estimate the climate impacts of yield more
precisely. Different values for PRICE are tested until the US and ROW trade balance and

there is an equilibrium value for all market variables in the model.

The variables CONSUM, ENDSTK, AREAHV, and YIELD for the US and ROW
are behavioral equations to be defined in the Equations section. The PRODUC variables
in US and ROW are identities of AREAHV*YIELD and the BEGSTK variables are
ENDSTK lagged one year. The variables US Imports (IMPORTSuys ) and ROW Exports

(EXPORTSrow,t) are exogenous and set at small fixed values based on historical averages.
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The rest of the variables in the model are derived from the following identities for

US and ROW, which are consistent throughout the literature using similar models:

1. SUPPLY = DEMAND,

2. SUPPLY = PRODUC + BEGSTK + IMPORTS, and

3. DEMAND = CONSUM + EXPORTS + ENDSTK.

From these identities, SUPPLYus: and DEMANDRrow, can both be directly calculated
because all of the necessary variables for these equations are defined. DEMANDuys and
SUPPLYrow; are used to estimate EXPORTSuyst and IMPORTSrow.. Identities 4 and 5,
shown below, rearrange identities 2 and 3 to calculate the implied values for NETEXPus t

and NETIMProw:t.

4. NETEXPust = SUPPLYust — CONSUMust— ENDSTKust

5. NETIMProwt = DEMANDRrow - PRODUCRrowt - BEGSTKRrowt.

The model then uses a single PRICE to link two regions. The PRICE will change until

the following identity holds:

6. NETEXPust = NETIMProw;t

Once the model has solved for the PRICE that allows Identity 6 to hold, the model is at

equilibrium and will have returned a value for all of the other variables at that price.

The model is designed to represent variation in YIELDust and AREAHVus; as well
as YIELDrow,. The variation in these terms results in changes to PRODUC, which affects

both SUPPLY and DEMAND in the model. PRODUC affects demand because it is a
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determining factor of NETEXPust and NETIMProw;. This results in both SUPPLY and

DEMAND being affected by the variation to the above-mentioned variables.

The remaining variables that have yet to be defined are calculated from behavioral
equations that rely on ordinary least squares (OLS) regressions to estimate coefficients
for each variable, including economic factors such as PRICE. Each of these variables are
estimated from an equation that includes a constant (5, ), one or more dependent
variables multiplied by some coefficient (i), and an error term (u). The reference period
used in the OLS regressions is from the corn marketing year 1995/96 to 2016/17 unless
noted otherwise in the Data section. The variables defined from these equations are both

US and ROW AREAHV, EXPREYV, YIELD, CONSUM, and ENDSTK.

Figure 3.1: Marketing Clearing Price Diagram

ROW Consumption
| ]
ROW _
Demand | ROW Ending Stocks
ROW Exports
ROW Implied
Net Imports
ROW Beginning Stocks
ROW Supply
ROW Production

Source: Model
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US Behavioral Equations

Starting with AREAHVust, Equation 3.1, which is the total acreage of corn
harvested throughout the US. US Expected Gross Farm Revenue (EXPREVus;) represents
the expected revenue from corn anticipated by the farmer when making their planting
decisions. It is defined in more detail below. US May Precipitation (MAYPCPusy) is the
state-level average precipitation recorded in the US Corn Belt in the month of May.

MAYPCPus  is used to measure the amount of days a farmer can work in their field.

Equation 3.1. AREAHVust = B0 + iz (EXPREVusy) + B2 (MAYPCPus. 1) + u

EXPREVusis an identity calculated by taking the higher of the Expected Corn
Price (EXPRICEus;) or the Marketing Loan Rate (MLRATEus;) and multiplying it by the
Expected Yield (EXPYIELDus;), seen in Equation 3.2. EXPRICEust, Equation 3.3, is a
running average of the two previous years PRICEust. EXPYIELDust, Equation 3.4, is
estimated as a function of a linear trend (TREND) and an error term. It should also be
noted that the model allows producers to consider the yield effects resulting from changes
in climate variability in their planting decisions. To account for this, the model is run
twice to allow for producers to change their yield expectations in future climate
scenarios. This means that each scenario is run first using EXPYIELDus; to represent
producer yield expectations, and then again using the projected YIELDus+ from the first

simulation in place of the EXPYIELDuys; in the second simulation.

Equation 3.2. EXPREVust = MAX[EXPRICEust, MLRATEus; ] * EXPYIELDus

Equation 3.3. EXPRICEust = AVERAGE(PRICEus -1, PRICEus-2)

Equation 3.4. EXPYIELDus: = f, + 1 (TREND) + u
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YIELDust, Equation 3.5, is calculated as a function of July Precipitation
(JULPCPus,t) and a TREND. JULPCPus, t is the average state-level precipitation in the
US Corn Belt during the month of July, and (JULPCPus, )? is the same variable squared
used to represent the nonlinearity of rainfall and corn yields (Schlenker and Roberts,
2009). As noted above, the TREND term is a general linear trend used to capture
technological improvements and better farm practices. A (TREND)? term was considered
to capture a possible nonlinear relationship between yield increases and technological
improvements, but due to its extreme statistical insignificance in both the YIELDuys: and
the EXPYIELDustequations it is not included in either equation.

Equation 3.5. YIELDus: = 8o + Bz (JULPCPusy + > (JULPCPusy)? + B85 (TREND) +

U

CONSUMus,, Equation 3.6, is estimated as a function of PRICEus, one-year
lagged US Corn Consumption (CONSUMus-1), US Gasoline Price (GASPRCus;) and the
Renewable Fuels Standard (RFS) Mandate (RFSMANus). CONSUMus +1 represents the
time-delay needed for consumers to change their demands. GASPRCus is the annual
average RBOB gasoline price during the relevant corn marketing year. This independent
variable represents the substitutability between corn based ethanol consumption and
conventional gasoline consumption. RFSMANus; is used to represent the RFS’s effect on

corn consumption in the US.

Equation 3.6. CONSUMus = 8o + 8z (PRICEusy) + B> (CONSUMus, t1) + S5 (

GASPRCus.) + f+(RFSMANus.) +

ENDSTKus, t, Equation 3.7, represents US ending stocks, and is a function of

PRICEus: and PRODUCus;. The equation uses the inverse of price, 1/PRICEusy, instead
20



of just a PRICEus; term here because this functional form could capture the ranges in
ending stock price response, from very low when depleted to very high if prices fall well
below normal ranges, and it also has the practical advantage of maintaining simulated

prices in a plausible range.

Equation 3.7. ENDSTKust = 8o + iz (/PRICEusy + 82 (PRODUCusy) + 1

ROW Behavioral Equations

AREAHVRrowt, Equation 3.8, is a function of EXPREVrow,t. Unlike AREAHV s,
the equation does not include explicit weather variables, mainly because there is not
enough data of historical ROW precipitation. EXPREVrow;t is calculated in a similar way
as EXPREVusy, but it uses ROW values for everything except the EXPRICEus;. It should
also be noted here that the EXPREVRrow,: does not allow for producers to account for
climate changes in their planting decisions because of insufficient data, so the
EXYIELDrow, is based only on a linear trend. The new equations are Equation 3.9 and

Equation 3.10.

Equation 3.8. AREAHVrowt =y + 7 (EXPREVRow,s) + 1

Equation 3.9. EXPREVrow, = EXPRICEust * EXYIELDrow,t

Equation 3.10. EXYIELDrows = fs + 7 (TRENDy + x

YIELDrow, Equation 3.11, is a function of a linear time trend and an error. This

equation also does not include explicit weather variables due to insufficient data.

Equation 3.11. YIELDrowt = o + 7 (TRENDy + u
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CONSUMRow,, Equation 3.12, is a function of PRICEuyst and ROW GDP
(GDPROWRow,). PRICEus; is used as a proxy for the ROW corn price. GDPROWRrow; is
used to measure ROW income. The error in this equation does not appear to be random,
but instead it looks like it may be autocorrelated and heteroskedastic. This limitation is

discussed in more detail later on.

Equation 3.12. CONSUMrow, = fo + Bz (PRICEusy + 2 (GDPROWrow) + 1

ENDSTKRrow,, Equation 3.13, is a function of PRICEuys; and PRODUCRrow, and

it uses a 1/PRICEus for the same reason as noted above in the ENDSTKus equation.

Equation 3.13. ENDSTKrow,t = o + 1 (L/PRICEusy) + 8> (PRODUCrow,) + s

Elasticities

The estimation results from the behavioral equations are provided in Table 3.1.
Looking first at the US equations, AREAHVus has a reasonable price elasticity when
compared to Table 3.2, which is adapted from Miao et al. (2015). Miao et al. (2015) also
offers a comparison for the relationship of MAYPCPus to AREAHVus; both studies
estimated relatively small negative elasticities for the MAYPCPus term. As pointed out
in Miao et al. (2015), this modest negative effect of May precipitation on corn area
suggests that increased MAYPCPus; encourages the planting of soybeans instead of corn.
Furthermore, the independent variables MAYPCPus and EXPREVus; are statistically

significant at 1% and the adjusted R2 of the regression is .65.
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Table 3.1: Behavioral Equation Elasticities

Variables Coefficient  P-Value Elasticity

US Equations

Dependent Variable: AREAHVus Adjusted R?= .65
Intercept 71.75 0.00

EXPREVus; 0.02 0.11 0.24

MAYPCPus, t -1.86 0.04 -0.10

Dependent Variable: YIELDust Adjusted R?=.78
Intercept -247.94 0.00

JULPCPus; 74.80 0.00 1.85

JULPCP?ys; -8.37 0.00 -0.88

TRENDy 2.62 0.00

NEW Dependent Variable: CONSUMus Adjusted R?= .97
Intercept 5328.36 0.00

PRICEus; -406.89 0.00 -0.18

CONSUMus, t1 0.36 0.02 0.35

GASPRCuysit 455.11 0.00 0.12

RFSMANus t 189.73 0.00 0.24

Dependent Variable: ENDSTKus;t Adjusted R?= .82
Intercept -1799.55 0.00

1/PRICEus; 4665.94 0.00 0.70

PRODUCuys 0.17 0.00 1.56

ROW Equations

Dependent Variable: AREAHVRrowt Adjusted R?=.73
Intercept 242.24 0.00

EXPREVrow: 0.29 0.00 0.29

Dependent Variable: YIELDrow,t Adjusted R?= .94
Intercept -44.13 0.00

TRENDy 1.15 0.00

Dependent Variable: CONSUMgrow,t Adjusted R?= .82
Intercept 5945.19 0.00

PRICEus. -980.22 0.02 -0.19

GDPROWrow,t 375.38 0.00 0.89

Dependent Variable: ENDSTKrowt Adjusted R?= .94
Intercept -4609.93 0.00

1/PRICEus; 10093.96 0.00 0.40

PRODUCRrow: 0.32 0.00 1.42

Source: Model Estimates
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Table 3.2: Miao et al. (2015) Corn Acreage Elasticity Comparison

Study Own-Price Elasticity
Chavas and Holt (1990) 0.15
Chembezi and Womack (1992) 0.10
Lee and Helmberger (1985) 0.05
Miller and Plantinga (1999) 0.95
Miao et al. (2015) 0.45
This study 0.07

Source: Adapted from Miao et al. (2015)

The elasticities in the YIELDus; equation are consistent with the previous
literature, specifically Schlenker and Roberts (2009) and Miao et al. (2015). The
elasticity of July precipitation in Miao et al. (2015) is relatively large and positive, and
the elasticity of July precipitation squared is smaller and negative. The JULPCPus
elasticity indicates a positive relationship between JULPCPuys: and YIELDust. The
negative (JULPCPus,)? variable indicates a nonlinear relationship between YIELDus and
JULPCPus:. The combination of the two variables indicates that JULPCPus; is beneficial
for corn yields up until a certain point, but after that point additional rainfall will have a
negative effect on yields. Miao et al. (2015) finds similar a similar relationship between
July rainfall and corn yields. Schlenker and Roberts (2009) does not compare as nicely
with this study because it does not focus on specific months or precipitation, but instead it
focuses on temperatures throughout the entire growing season. It does, however, indicate
a positive relationship between precipitation and yields, and a similar nonlinearity seen in
this study and Miao et al. (2015). Helping to provide further evidence to the validity of
the YIELDus; equation, all of the independent variables are statistically significant at the

1% level and adjusted R? is adequate at .78.
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The CONSUMust, ENDSTKust, and all of the ROW equations do not directly
involve weather variables; instead they are derived based solely on economic theory. The
CONSUMus, equation returns a negative elasticity for price, and a positive elasticity for
both GASPRCus: and RFSMANust. The equation returns a non-negative coefficient that is
less than one for CONSUMus -1 which is consistent with Nerlove (1958). These
elasticities are consistent with the economic theory. It could be argued that the inclusion
of both the GASPRCus; and the RFSMANus, could result in multicollinearity, but the
very good fit, indicated by the adjusted R? of .97, and the statistical significance of both
variables suggest that this claim is not a serious concern.. The elasticities in the
ENDSTKus,t equation are consistent with economics, the coefficients are statistically
significant, and the equation has a good fit. The elasticities for the ROW equations are
also provided in Table 3.6, and coefficients on all of the independent variables are
statistically significant. VValidation for all equations is provided in Baseline Results and
Model Validation section through a comparison of this model’s historical estimates and
the actual historical values. Further validation for the US equations is accomplished by
comparing projections using this model with the projections developed by FAPRI-MU in

their Baseline Model (Westhoff et al., 2017).

Data

The yield, area harvested, import, export, consumption, production, supply, and
ending stocks data were obtained from the USDA’s Foreign Agricultural Services (FAS)
Production, Supply, and Distribution (PSD) database. The data used in this model range
from the 1995/96 marketing year to the 2016/17 marketing year and is national or global

level data. The corn price data are the average national farm price received in the relevant
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marketing year, and were obtained from the USDA’s National Agricultural Statistics
Service (NASS). These prices were then adjusted for inflation by the Bureau of Labor
Statistics’ (BLS) Producer Price Index (PPI), so that all prices are in terms of the 2017
dollar. Average gas prices for the relevant corn marketing year were obtained from the
Energy Information Agency (EIA), and adjusted using the same PPI. The ROW Gross
Domestic Product (GDP) data were calculated from the annual nominal GDP data and
adjusted by the same PPI as the rest of variables. The GDP data are from the International
Monetary Fund (IMF) are measured on a calendar year. Each calendar year was matched
up with the second calendar year for each relevant corn marketing year. For example, the
2015 calendar year data would be matched up with the data for the corn marketing year
of 2014/15. The RFS data come from the mandates set by the Energy Policy Act of 2005

and the Energy Independence and Security Act of 2007.

The data used to estimate the AREAHVrow, and the ENDSTKRrow,t equations are
from a different period than the rest of the data. The AREAHVRrow,: data are from the
2000/01 marketing year to the 2016/17 marketing year, and the ENDSTKrow,: equations
are from the 2007/08 marketing year to the 2016/17 marketing year. The data periods
selected for these equations were chosen to reflect the expected market conditions in the
medium-term simulation period, whereas the historical data represent market conditions

further in the past which might not be relevant due to changes in policies and behaviors.

The weather data come from a National Oceanic and Atmospheric Administration
(NOAA) database. The data is used to calculate the average precipitation of seven Corn
Belt states. The states used are Illinois, Indiana, lowa, Minnesota, Missouri, Wisconsin,

and Ohio. The reason these specific states were selected is because they all are in close
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proximity to each other geographically, but more importantly, they are all significant corn

producing states for predominantly rain fed corn, as reported by the NASS.
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IV: BASELINE RESULTS AND MODEL VALIDATION

Baseline Results

The baseline results estimated by the model use the historical average and
standard deviation of rainfall in the U.S. Corn Belt as parameters in a stochastic
simulation to estimate future corn yields and area. The model is designed to draw random
values for the variables MAYPCPust, JULPCPus;, and the YIELDrowt. The random
values for MAYPCPust and JULPCPus are to represent future precipitation totals, and
are generated from the averages and standard deviations of the historical period. The
YIELDrow, random values represent the uncertainty of climate variation across the ROW,
and are used as the error term for future periods. The YIELDrow, random values are
based off of a mean of zero and the average standard deviation of the data period’s error
term. The distribution of the random draws for each precipitation variables is a truncated
normal distribution, meaning that it is bound by zero and cannot return a negative value
for precipitation. The distribution of the YIELDrow, error term is drawn from a normal
distribution. The model generates random values for each year of the projection period
and solves itself with its new values. In order to create a stochastic simulation, it repeats
this process 1000 times. The resulting output of the simulation is the yearly average
value, average standard deviation, range, and average standard deviation/mean for each
variable over the projection period. The model uses Excel VBA and Excel Solver. The

remaining projected variables are defined from solving the model or by a linear trend.

The model does make three adjustments that help it solve for more reasonable
results. These adjustments, made to the error terms of AREAHVuyst, AREAHVRrow,, and

CONSUMgrow, are accepted as limitations of the model. The model estimates that, under
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the historical climate conditions, the future nominal prices will range between $3.16 and

$3.72 (Table 4.1).

As noted, the model adjustments are limitations to the model, but they also serve a
purpose. The adjustment to the AREAHV s error term was made because the equation
has reasonable, and statistically significant, coefficients, but it underestimated actual corn
area in recent years. This error might be caused by possible autocorrelation the equation,
but the autocorrelation is not tested and is accepted as a limitation. In an effort to return
more reasonable values for the AREAHVus, the error of this equation was adjusted by an
amount equal to its historical 10-year average. This adjustment increases AREAHV s t
estimates so they are closer to the FAPRI-MU baseline model, which are discussed in
more detail below. (Westhoff et al., 2017). Next, the AREAHVRrow, equation is similarly
adjusted because it underestimates the ROW corn area, especially in recent years. The
elasticities of the equation are economically logical and the coefficients on the
independent variables are statistically significant, but still the equation returns an
unrealistic decrease in corn area. The equation projects the error term from the 2016/17
marketing year into the projection period. The CONSUMRgrow  equation also must be
adjusted because the error term is suggesting strong autocorrelation. The suspected
autocorrelation means that the estimators in this equation are unlikely to be efficient. The
limitation of this inefficiency is that the resulting estimates from the equation may seem
more accurate than they actually are. No steps are taken at this time to correct for this
autocorrelation, so the limitation is accepted, and the projections adjust for it. All three of
the limitations need to be considered, but none of the three should be detrimental to this

study because they are consistent across all shocks
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Model Validation

The baseline model is validated two ways. First, the model is validated by
retroactively applying the model to the marketing years 1995/96 to 2016/17 and then
comparing these estimated values to actual values of market (Table 4.2). The historical
model is dynamic, so the simulated values are used for any lagged endogenous variables
in the model instead of actual historical data. The model also uses the historical averages
and standard deviations in a stochastic simulation, which is the same method used for the
future projections. The purpose of the experiment is to help show that the model is
structurally sound, that the stochastic process operates correctly, and that the elasticities
generate results that are reasonably consistent with the historical values. The model is run
without adjustments to the estimated historical values, and because the model is dynamic,
the errors from the earlier marketing years are carried into the later marketing years. The
compounding error terms negatively affect the historical fit of the model, but they do not
limit this simulation from showing that the model is structurally sound. The model
estimated PRICEus; term is a good indicator to the validity of the model structure. There
may be some departures between the simulated historical prices and actual historical
prices, but the two prices look to move in a similar fashion, and that is the important take

away from the historical simulation (Figure 4.1).
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Figure 4.1: Real Corn Price, Historical vs. Estimate
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The second method of model validation is a comparison of the model’s projection
period estimates with the FAPRI-MU Baseline Model (Westhoff et al., 2017) (Table 4.3).
The values of each respective variable in the comparison are not identical, but they move

within similar ranges.
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V. CLIMATE SCENARIO RESULTS

Shocks

In an attempt to capture how future climate variability could affect market
volatility, the following shocks based on possible climate scenarios were imposed onto

the baseline model:

Q) 20% increase of US Corn Belt precipitation standard deviation,

(i) 40% increase of US Corn Belt precipitation standard deviation,

(i) 20% increase of US Corn Belt precipitation standard deviation and a 20%
increase in the standard deviation of the YIELDrow  error term, and

(iv)  40% increase of US Corn Belt precipitation standard deviation and a 40%

increase in the standard deviation of the YIELDrow  error term.

The shocks noted above do not reflect an exact future climate scenario, but
instead they represent a logical change based on the predictions set by the IPCC. The
shock to the YIELDrow,t error is meant to represent increased uncertainty of worldwide

corn yields at a similar level of the US.

The results in the following tables use averages and standard deviations to
summarize the stochastic simulations. Tables 5.1-5.4 present the results of each scenario.
Tables 5.5 and 5.6 provide a summary of the same results, but Table 5.5 displays the
average results for each scenarios and Table 5.6 displays the percent change from the
baseline in each scenario. Tables 5.7 shows the average volatilities in each scenario and

Table 5.8 shows the percent change in volatilities between each scenario and the baseline.
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Results

Starting with the shocked variables YIELDuyst and AREAHV s, the results
estimate that average YIELDus; will be lower in all scenarios and the average
AREAHVus will remain unchanged or slightly increase in all scenarios. This is a logical
result because the nonlinear relationship between precipitation and corn yields causes an
increase in both average PRICEus and average EXPRICEus¢. In this case, the average
EXPRICEus; increase is greater than the average EXYIELDus; reduction, so expected
gross receipts per acre increases which would result in producers wanting to increase
corn acreage — absent the effect of MAYPCPus;. The fact that average AREAHVus would
increase due to higher average EXPRICEus; could be plausible because it may incentivize
producers to farm more total land, but the limitations of a single crop model suggest that
more research must be done for this result to be conclusive. The decrease in average
YIELDus, is larger than the slight increase in average AREAHVys, So the average
PRODUCus, decreases in all four scenarios. As mentioned above, the average PRICEus
term does increase in all four scenarios. The increased variability of the PRICEusy,
AREAHVuyst, and YIELDus; results in an unexpected change in FARMREVus;. If only
considering averages of the scenario results, FARMREVus; increases because the average
PRICEus  term increases enough to offset the average decrease in the YIELDuys; term.
The model assumes that this is the method a producer would use to calculate his expected
EXPREVust, which leads to the previously mentioned slight increase in AREAHVust. The
unexpected finding is that when FARMREVus; is calculated in each specific iteration and
then averaged, the FARMREVys looks to decrease because of the nonlinear relationship

between precipitation and yields.
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A result present in all four scenarios is a decrease in average ENDSTKuyst. The
decreased average PRODUCus; and the increased average PRICEus serve as a basic, but
likely accurate, explanation for the decrease in average ENDSTKus;. There are a couple
of possible market reactions that need to be mentioned here, although they are not tested
in this model. First, one might assume that increased uncertainty would result in a greater
holding of stocks for speculation or for security, and this is certainly a plausible, if not
likely, prediction for the long term. On the other hand, especially in the near term, there is
a physical limitation of how much grain can actually be stored, and it is unrealistic to
assume storage can be built immediately or endlessly, at least in this study’s projection
period. This means if prices are high, stocks could be completely diminished in that year,
but in a year with high yields and low prices there is a maximum amount of grain that can
physically be stored. Both of these scenarios are interesting, but unfortunately beyond
the scope of this study. The point of explaining both possibilities is to acknowledge the
limitation of the ending stocks equation in this study, but also to provide evidence that the

results in this study are plausibility.

Moving on, the study estimates a slight decrease in average CONSUMus, which
is likely due to an increased average PRICEus term. This decrease, however, is small
due to the inelastic nature of CONSUMust. Average NETEXPus; also decrease, which is
likely a result of the higher average PRICEus; term, as well as decrease to average
SUPPLYuys;. Overall, the average SUPPLYyst and DEMANDuys both decrease in each of

the four scenarios.

The explanations of the absolute changes projected in the future scenarios are

helpful to demonstrate what this research accomplishes, but not the focus. The main
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focus of this study is to measure how increased climate variability will affect the

volatility of the corn market. In this study, volatility is defined as the standard deviation

of the respective data set divided by the average of that data set. The estimates of the

relevant volatilities are shown in Tables 5.5 and 5.6, but they are summarized in Tables

5.7 and 5.8.

Table 5.7 Volatility Ratios

Variables Baseline Scenario (i) | Scenario (ii) | Scenario (iii) | Scenario (iv)
PRICEus: ($) 0.13 0.16 0.20 0.16 0.22
FARMREVys; (mil $) 0.08 0.09 0.11 0.10 0.13
AREAHVuys (mil acres) 0.03 0.04 0.04 0.04 0.05
YIELDus; (bu.) 0.06 0.08 0.10 0.08 0.11
CONSUMuyst (mil bu.) 0.02 0.02 0.02 0.02 0.03
ENDSTKus (mil bu.) 0.15 0.19 0.23 0.18 0.24
NETEXPus+ (mil bu.) 0.24 0.32 0.45 0.32 0.48

Source: Model Results

Table 5.8 Volatility Ratios as % Change from Baseline
Variables Scenario (i) Scenario (ii) | Scenario (iii) | Scenario (iv)
PRICEus;($) 24% 57% 25% 73%
FARMREVuys, (mil $) 10% 28% 22% 49%
AREAHVuys; (mil acres) 21% 43% 21% 49%
YIELDus; (bu.) 30% 70% 27% 78%
CONSUMus ¢ (mil bu.) 25% 61% 27% 79%
ENDSTKus (mil bu.) 26% 57% 25% 65%
NETEXPus, (mil bu.) 35% 88% 32% 99%

Source: Model Results

The effects of the climate variability shocks, as expected, increase volatility for

every variable in all four scenarios. Although there are changes to the average values of

some the variables, most of the change comes from the increases in each respective
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standard deviation. Much of the change to the standard deviations will be discussed later
in the text during the volatility discussion, but a few points should be made specifically
about the standard deviations. First, they are included to ensure the completeness of the
study. Second, they show how the changes in standard deviation to the shocked variables
are consistent with the actual shocks. Meaning, that a 20% increase in the standard
deviation of a term used in the stochastic shock will translate to an approximately 20%
increase in the standard deviation of the resulting estimated values. Lastly, listing the
standard deviations makes it clear that they are the main driver behind the changes in
volatility, not the average. The increased standard deviations result in a higher volatility

for all variables, under all future scenarios when they are compared to the baseline.

The changes in volatility here provide evidence to the main conclusions of this
paper. Looking first at YIELDus, the results suggest that corn yield volatility will
increase between 27% and 78%. These increases are approximately double the shock to
the weather variables in each respective scenario. Logically, the increased variability is
explained by the nonlinear relationship between corn yields and weather variables. The
increased variability of YIELDus; is the main driver behind the increased volatility of
PRICEust, which is estimated to increase between 24% and 73% from the shocks. When
a comparison is made using the respective price volatility measure, the estimates in this
study are much less severe than the results published by Diffenbaugh et al. (2012) and
slightly more severe than Thompson et al. (2016) (Table 5.9). The increased price
volatility shows that even if climate averages stay the same, changing the variability of

weather patterns will result in a significantly more volatile market, which is due to a
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combination of the nonlinear relationship between corn yields and weather and the

inelasticity of the short-run supply and demand for corn.

Table 5.9: Volatility Comparison: This Study vs. Previous Literature

stud Thompson et al. (2016) Diffenbaugh et al. (2012)
y Method* Method?

This Study 26% to 80% 25% to 70%

Thompson et al. (2016) 11% to 66% n/a

Diffenbaugh et al. (2012) n/a 310% to 530%

Sources: Model Results; Thompson et al. (2016); Diffenbaugh et al. (2012)
196 change in the standard deviation of price
2Standard deviation of the year-to-year change in price

AREAHVus also becomes more volatile in all scenarios, which is largely due to
increased variability in MAYPCPus, and the previously mentioned change in PRICEus;.
Even though the volatility ratio indicates significant increases, the actual year to year
change in AREAHVust is likely to be fairly consistent in the short term because of the low
standard deviation in AREAHVus. In other words, corn area is fairly inelastic, especially
in the short term, and it is not likely for there to be a huge drop off in AREAHVus;.
CONSUMus, has a similar result. The volatility may look increase significantly, but

because of the inelasticity of corn consumption, it is unlikely that the shocks result in a

huge change in CONSUMus:t.

The increased volatility in AREAHVust, YIELDus;, and PRICEus; all contribute to
an increase in the volatility of FARMREVus. This volatility increase in FARMREVus t
could result in the Marketing Loan program becoming active more frequently, which
would result in changes to the taxpayer cost and producer value of the policy (Table
5.10). Whereas there are Marketing Loan program benefits to producers in only 0.03% of

the simulations in the baseline, there are benefits in as many as 0.76% of the simulated

47



outcomes in scenario (iv). More specifically, the projected increase in climate variability
could increase the amount of money transferred from taxpayers to producers through the

Marketing Loan program.

Table 5.10: Scenario Effects to the Marketing Loan Program

Baseline S_cenario S(_:enario Sggnario Spenario
(i) (i) (iii) (iv)
Frequency of active Marketing
Loan Program (%) 0.03% 0.16% 0.52% 0.13% 0.76%
Estimated Annual
Cost/Producer Value (mil/$) 0.5 2.9 11.9 1.6 17.6

Source: Model Results

Other agricultural policies, specifically Price Loss Coverage (PLC) and
Agricultural Risk Coverage (ARC), also might be affected by an increase climate
variability. Under future climate variability, lower or more volatile prices could cause an
increase in the transfer of monies from taxpayers to producers under PLC because this
program is directly tied to the market price. The effect of increased climate variability to
ARC is more uncertain because payments under this program depends on the 5-year
Olympic average of US market prices and average county level yields. Furthermore, the
dynamic reference price and yield of ARC make the effects of increased price and yield
volatility more unclear, but the policy might still be affected by increased climate
variation. Crop insurance might also be affected by increased climate variability, but the

research in this study does not attempt to determine these affects.

In all four future climate scenarios, the results indicate that ENDSTKust will
become more volatile. Increased PRICEus volatility will likely result in an increase in
the sale of stocks during upswings in the market, and a decrease in the sale of stocks

during downtrends in the market. Increased YIELDus; volatility will also contribute to the
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increased volatility of ENDSTKus;, meaning if corn production becomes more variable
then the amount of stored corn is also likely to become more variable. For example, if
there is a very large corn crop with concurrently low prices one year, then a large amount
of stocks would be expected. If there is small crop the next year, and prices increase due
to this, then it is safe to assume the stocks will have significantly fallen the next year.
This is nothing new, but if the frequency of highs and lows in the market increase then so

will the volatility of stocks, and this is worth acknowledging.

As pointed out by Diffenbaugh et al. (2012), stocks can be difficult to deal with in
research like this. Instead of assuming that stocks are implicitly represented in the supply
and demand equations, like Diffenbaugh et al. (2012), this study follows Thompson et al.
(2016) and represents stocks explicitly with its own behavioral equation. Unfortunately,
there are still a couple concerns with the ENDSTKuys,t equation in this study. The first
problem, as previously noted, is that stocks have a physical restriction as to what can
actually be stored. It is difficult to estimate if and how quickly market players can build
new storage, so for this study is omitted and accepted as a limitation. Next, in a market
with more volatile corn prices it is plausible, and perhaps likely, that there would be
increased speculation in the market. For example, if a market player expects prices to
move more frequently, then they may be more likely to store their grain longer in an
attempt to sell at their desired price. As a result of this increased speculation, the
historical price elasticity of stocks may no longer be relevant in future climate scenarios.
Again, this study accepts this limitation and does not incorporate any changes to future
attitudes that market players may have towards risk. This possibility of increased

speculation also brings up another point that has not be largely considered. Stocks are
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inversely related with the market price, and the market price is inversely related to yields.
More simply, if prices are high due to low yields then stocks are likely to be dumped into
the market, which would offset some of the low yield price impact. This study accounts
for this by including price in the ending stocks behavioral equation, but, as noted above,
it does not account for a change in the attitude toward stocks. The limitation here is that a
market with an increased appetite for speculation would likely offset some of the price
effects of low yields, and this study does not change that magnitude to which stocks can
stabilize the market. It should be noted, that stocks would not be able to stabilize the
market if there were consecutive years high or low yields (Thompson et al., 2016). This
study accepts the stated limitations, and determines that under increased climate

variability, stocks, and storage space, will become more valuable in future years.

Moving next to NETEXPus, which are estimated to become much more volatile
in the future climate scenarios. This is no surprise because it is unlikely that the US
would import a significant amount of corn, even in a year with low production. Instead,
the US will likely continue to meet the demands of their domestic consumption, and

allow their exports to absorb most of the supply shock.
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VI. LIMITATIONS

This study is not without its limitations. The necessary use of information from
three complicated sciences, plant physiology, climatology, and applied economics, results
in sacrificing absolute completeness. The model does not include all regions of the world
or every commodity in its estimates. A key example of this limitation, as noted by
Thompson et al. (2016), is that single commodity models may underestimate the impact
of climate change. Next, the model does not allow for corn yields to be impacted by any
price term. For example, if corn prices spike a farmer may be more likely to increase the
effort they put into producing a high yield, but the model in this study does not explicitly
account for such changes. Diffenbaugh et al. (2012) accepts the same limitation. The
model does not include temperature data, which is partly justified above, but nonetheless
a limitation. For example, July rainfall accompanied by extreme temperatures would
likely result in yield loss and the model omits that. Next, the model does not account for a
change in the attitude of farmers in their decision making. As noted above, future price
volatility may cause farmers to increase storage space at a rate that is not consistent with
historical values, resulting in a higher stock retention rate than in the past. Due to the data
available, the model also does not account for intra-month weather changes. Along the
same lines, it does not account for an exact time frame of when rain is valuable for the
corn. Finally, the model used in the study has some possible statistical limitations, such

as autocorrelation, and they are noted above.

51



VIlI. CONCLUSION

The findings in this study provide evidence to support certain conclusions about
climate variation and crop price volatility. The study finds that increased precipitation
variability in the US Corn Belt, which is a possible under future climate scenarios, will
increase the volatility of corn prices. Previous studies, like Diffenbaugh et al. (2012), also
find that under future climate scenarios US corn price volatility will increase. The key
conclusion found in this study is that the timing and intensity of weather events,
represented in the model by May and July precipitation, will also increase the volatility of
US corn prices. This conclusion suggests that research only measuring future climate
change by changes to seasonal averages might over or under estimate these effects on
corn price volatility. Furthermore, by merging of two separate themes in the literature, the
present study allows us to conclude that the effect of planting season precipitation on
planted area can also be a factor in determining crop market volatility. Future research
could be conducted to determine how the average changes in weather variables,
combined with changes to the variability of these same variables will affect corn price
volatility. More specifically, future research is needed to first determine if increased
weather variability will intensify or offset the projected changes to the averages of
climate variables, and second to apply economics to these future findings to assess the
changes to future corn price volatility. Other questions for future research may include
how different crops, such as wheat or soybeans, are likely to be affected by climate

variability, and how these other crops interact with corn.

Although the methodologies of the studies are different, Diffenbaugh et al.
(2012), Thompson et al. (2016), and this study all find that future climate changes are
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likely to increase crop price volatility. The increased crop price volatility could have
notable effects to stockholding behaviors, price risk management, and agricultural
policies. Although it has limitations, the findings of this study lead to the expectation that
stocks would increase in response to greater price volatility. It may be logical to assume
that this would lead to increased storage space at a pace faster than is normal, but this
study does not specifically test for that. Price risk management and agricultural policy
could also be affected from this increased price volatility. Price risk management tools,
specifically option contracts, may become more expensive because their value is tied to
volatility. Agricultural policies that are tied directly to crop prices could also prove to be
more valuable to producers under a scenario of increased crop price volatility. As noted
above, an increase to the frequency of low crop prices might cause the Marketing Loan
program to be active more often. Climate driven changes in yield, area, price, and
revenue would probably affect the amount of tax payer money transferred to producers
under other agricultural policies as well. Although the claims in this study remain at least
somewhat uncertain, they provide a valuable contribution to the research community by
suggesting possibilities of future agricultural markets as well as demonstrating the need

for further research on this topic.
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