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Abstract: Ethanol production has rapidly expanded over the past few years. The opening of an ethanol
plant can increase local demand for corn, pressuring increases in local corn basis. But how does this
affect corn contract prices and revenues? At the farm level, the impact of an ethanol plant on local corn
contract revenues is still unknown. Data from the USDA Agricultural Resource Management Survey
suggests that corn contract revenues in counties with ethanol plants are higher than corn contract
revenues in counties without ethanol plants at similar prices. We estimate the impact of ethanol plants
on local corn contract revenues by running non-spatial and spatial difference-in-difference models.
A statistically significant effect of ethanol plant location on corn contract revenues within the same
county was not found, but rather a statistically significant effect of ethanol plants on corn contract
revenues for farmers located in adjacent counties. Local competitive advantage, not the presence
of an ethanol plant, may be the reason for observed higher revenues in counties with an ethanol
plant. Therefore, policymakers should focus their resources in promoting greater efficiency in corn
production to boost farmers’ revenues.

Keywords: biofuels; spatial difference-in-difference; corn markets

1. Introduction

Biofuel markets and policies are often related to matters of national security, the environment,
and food security. In the U.S., ethanol production has rapidly expanded over the last few years.
From 1999 to 2017, the number of biofuel refineries increased from 50 to 213 [1,2]. Along with the
increase in the number of biorefineries came an increase in the share of corn supplied to ethanol
production and of corn prices (Figure 1).

Increases in ethanol production may benefit local corn producers. The opening of an ethanol
plant, for instance, can increase local demand for corn, pressuring increases in local corn basis [3].
This impact, though, may not be lasting [4,5]. In fact, in some areas, the presence of an ethanol plant
has been linked to lower corn prices [6,7], providing mixed evidence for the effect of ethanol plants
on corn prices in previous studies. Furthermore, analysis of the data from the USDA Agricultural
Resource Management Survey (ARMS), shows that, on average, farmers in counties with ethanol plants
receive the same prices for corn as those located in counties without plants (Figure 2a). Therefore,
can the opening of an ethanol plant really benefit the local farmer? The same data from the USDA show
that farmers in counties with ethanol plants do, however, receive higher corn revenues (Figure 2b),
a phenomenon that is not considered in previous studies. Our study fills this gap in the literature by
estimating the impact on farmers’ corn revenues from having an ethanol plant in their county.
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Figure 1. Corn prices against the share of total corn used for ethanol, from 1980 to 2017. Source:
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Figure 2. (a) Median contract corn prices for farmers located in counties with (treated group) and
without (control group) an ethanol plant from 2006 to 2016. Source: ARMS, USDA; (b) Median
contract corn revenues for farmers located in counties with (treated group) and without (control group)
an ethanol plant from 2006 to 2016. Source: ARMS, USDA.

The location of an ethanol plant is determined by factors such as access to feedstock, trends in
corn production, government incentives, local amenities, and infrastructure [8-10]. Lambert et al. [9]
find that infrastructure, markets, and subsidies can provide counties with a comparative advantage in
charming ethanol plants to the county. The impact and duration of an ethanol plant location or ethanol
production capacity on local corn markets can be diverse. Previous studies provide varying results on
how ethanol plant location impact local corn supply [11-13], farmers’ cropping decisions [14], and local
corn market prices [4,5,15,16]. Upon closer examination of data from the Agricultural Resource
Management Survey (ARMS) counties with an ethanol plant generally receive higher revenues than
counties without, at the same corn prices (Figure 2a,b).

There is lack of consensus on how ethanol plant location and production capacity affect corn
production. Using an acreage response model, Fatal and Thurman [11] find that an increase of 1 million
gallons in ethanol production capacity increases planted corn acreage by 5.21 acres. Similarly, Motamed,
McPhail, and Williams [12] find, in locations with previously low corn acreage, significant acreage
response due to changes in the ethanol market. Du, Hennessy, and Edwards [14] show that increases
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in corn prices causes farmers to switch from non-cropped land to row crops (e.g., from forage crops to
row crops). Distance to an ethanol plant also affects crop rotation decisions (e.g., from corn—-soybean
to corn—corn), allowing more corn to be produced [13]. The distance to the ethanol plant, though,
may not always be the cause for changes in corn acreage. Ifft et al. [10] argue that land use change
maybe mostly driven by general price changes rather than by the location of an ethanol plant.

Lack of consensus is also present with regard to the impact of ethanol plants on local corn basis.
McNew and Griffith [5] find an inverse relationship between the distance of an ethanol plant to markets
and corn prices: Facilities near terminal markets have a smaller impact on corn basis prices than
those further away. Expanding on McNew and Griffith’s [5] model, Fatal [17] finds a premium of
$0.04/bushel on local corn, depending on the market, the number of ethanol plants, the total production
capacity, and the distance from ethanol plants to corn suppliers. However, being in the vicinity of
an ethanol plant is no guarantee of higher local corn prices [7]. Katchova [2] finds no effect from the
ethanol plant location on local corn prices. O’Brien [6] finds a negative impact from ethanol plant
proximity on corn prices using 2008 corn prices in Kansas. Furthermore, considering four ethanol
producing states, Lewis [4] finds increases in corn basis in Michigan, Kansas, and Iowa, but decreases
in corn basis in Indiana, following the opening of a new plant. In fact, Lewis [4] finds that the local
corn basis decreases as the number of months the ethanol plant is in operation increases. In the case of
this study, the data support the theory that the ethanol plant location does not impact corn contract
prices but rather corn contract revenues.

Pre-existing market conditions and geographical location play an important role in determining
changes in corn prices [16]. Corn is an important raw input in ethanol production. Haddad, Tayler,
and Owusu [18] identify ethanol plants as a supply-oriented firm, given the high share that corn
occupies in the production costs. Rask [19] finds a corn input price elasticity of (-3.03), meaning
that small changes to corn prices provoke larger changes to the amount of ethanol produced. Hence,
the demand for corn as an input is likely to be elastic. Furthermore, there is evidence that ethanol
plants will halt production when corn prices go over a certain level and that corn farmers are price
takers [20,21]. As such, the location of ethanol plants may occur in counties where there is excess
corn supply such that an increased demand for corn has a limited effect on local corn prices. Ethanol
plants may also be located in areas where farmers have limited bargaining power and are price takers.
Katchova [22] finds that corn contracts in regions with larger spot markets have higher prices than in
those with limited or no access to spot markets. When farmers have no influence on the corn contract
price, they can increase their revenue by increasing the quantity supplied. This could explain why
corn contract prices do not differ between counties with and without ethanol plants, but revenues
do. Counties with ethanol plants may have a competitive advantage on corn production over those
without one. This allows farmers in counties with a competitive advantage to have higher corn
productivity at lower costs, thus receiving higher revenues at similar corn prices. As Porter [23]
describes, cost leadership is a form of competitive advantage, which occurs when you can produce the
same product at the lower cost than your competition [23].

The main objective of this study is to investigate the impact of ethanol plants on local corn contract
revenues in more recent years. Understanding how ethanol plants may impact corn producers’ welfare
may provide guidance on possible impacts from the opening of other ethanol plants (e.g., ethanol
plants that produce ethanol from sorghum) or agribusiness industries (e.g., the installation of dairy
processing facilities) on the local county. For example, if the location of a plant is associated with
surrounding corn producers receiving higher corn revenues, policy makers may decide to motivate
the siting of ethanol plants in certain regions aiming to increase farmer’s corn revenues. For instance,
in Brazil, states in the Cerrado region attracted private ethanol facilities to their counties by investing
in infrastructure and providing fiscal incentives [24]. For the farmer, the news of a new ethanol plant
may help with their cropping decisions as they seek to maximize profits [15]. The ethanol industry
may use the advantages from an ethanol plant siting to negotiate financial benefits from counties or
states where they are deciding to build plants.



Sustainability 2019, 11, 6512 40f 13

2. Materials and Methods

We assume farmers are price takers in this market (i.e., they cannot influence corn prices). In this
study, since we observe marketing corn contracts, we assume that the farmer goes through a revenue
maximization process to decide the quantity of corn to offer given the corn contract price they face.
In order to check whether the higher revenues are due to competitive advantage or due to the proximity
to the ethanol plant, total revenue is modelled as a function of farm business related factors (e.g.,
farm assets and operator characteristics), a dummy for whether there is an ethanol plant in the county
and economic factors. The objective is to identify whether the higher revenues are due to economic
growth, farm business-related factors, or the presence of an ethanol plant in the county.

We test this hypothesis by using difference-in-difference models where we can compare the
outcome measures (i.e., corn revenues) of corn producers in counties with and without an ethanol
plant. The farmer chooses the optimal quantity to offer in the contract taking into consideration the
capital and labor available. We model corn contract revenues as a function of the capital available in
the farm, an index of labor available in the county, characteristics of the farm operation (i.e., farm size
and level of specialization), farm operator characteristics (i.e., age and education), as well as county
economic characteristics.

The difference-in-differences (DID) estimation compares the difference in outcomes (e.g., revenues)
between the treated observations (corn contracts located in counties with an ethanol plant) and
control observations (corn contracts located in counties without an ethanol plant). Two differences are
taken into account: 1) Differences in outcomes from time one to time two; 2) the difference between
observations that received the treatment and those that did not. The difference-in-differences model is:

Vit = a + Bty + ydy + Otydi + Pxip + ey, 1)

where y;; is the log of corn revenues for each contract i for the initial or second period, t;; is a dichotomous
variable, which takes on the value of 1 if the observation is in the second period (i.e., 2016) and 0
otherwise (i.e., 2015), d;; is a dichotomous variable equal to 1 if the contract belongs to a county
with an ethanol plant or more and 0 if it does not, ¢;dj; is the interaction term between the time and
treatment dichotomous variables, x;; are characteristics that influence revenue (i.e., producer, county,
and operation characteristics), and e;; is the error term. t;d;; is the difference-in-differences measure.
It measures the effect of the treatment on the treated group. It controls for similar time differences
between the treatment and control groups. It represents the percentage increase in corn revenues due
to spatial closeness to an ethanol plant after general spatial (e.g., location in more rural areas) and time
effects (e.g., changes in commodity prices) are accounted for.

By estimating the difference-in-differences model using the ordinary least squares estimator,
we assume each observation to be independent of all other observations in the data. If observations are
correlated inside of a cluster, then each observation will contain less exclusive information. In this
study, data from farmers within the same county may be correlated. Therefore, the standard errors are
corrected for the intraclass correlation within clusters using the robust cluster variance estimator:

— ne —
Vetuster = (X’X) ! Zj:l u;u]-(X’X) l/ ()

where X consists of all variables and the constant, u; = }.; qjster €iXi, and 1 contains all the clusters.
In this study, the observations represent the farmers while the clusters the counties where their farm
operations are located.

As an extra step, we apply difference-in-differences techniques for spatial data, which allow
for spatially correlated treatments. The spatial DID model offers an advantage over the non-spatial
DID model for it accounts for spatially correlated treatments and spatial interaction in treatment
responses [25]. The method allows for the estimation of spillover effects (i.e., indirect treatment effects).
The interaction term (t;d;;) is re-written to incorporate a spatially weighted contiguity matrix (W;):
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Vit = &+ Bty + ydip + Otydyy + TWiidip-tiy + dxip + ey, 3)

where T = p6 and - indicates element by element multiplication (Delgado and Florax 2015). In the
absence of spatially correlated treatments, p = 0, and the model reverts to the non-spatial DID Equation
(1) [25]. The average treatment effect (ATE), average direct treatment effect (ADTE), and average
indirect treatment effect (AITE) can be estimated from the parameters obtained in (3) [25]:

ATE = §(1+ pWD), @)
ADTE = 6, ®)
AITE = TWD, (6)

where WD is the average proportion of counties that border counties with ethanol plant. Spillover
effects from the ethanol plant are given by AITE. The AITE coefficient measures the effect on local corn
contract revenues in counties bordering those with an ethanol plant. The effect is on corn contract
revenues in counties without an ethanol plant. ADTE captures the direct effect on corn contract
revenues in a county with at least one ethanol plant.

Models are tested for misspecification and omitted variable bias. The omitted variable bias was
tested using the Ramsey regression equation specification-error test [26]. The null hypothesis of the
Ramsey RESET test is that there are no omitted variables. A rejection of the null hypothesis may
point to possible endogeneity issues in the model. To check for misspecification, the link test was run.
This test verifies whether the coefficient of the transformation of the dependent variable is statistically
significant. As such, the null hypothesis is that the coefficient of the dependent variable squared is
equal to zero [27,28]. The non-spatial difference in difference estimations and the statistical tests were
conducted in Stata 14 through the NORC platform. The spatial estimations were conducted in R
following the study and codes by Delgado and Florax [25].

Data and Descriptive Statistics

This study uses data from various sources. Information on the ethanol biorefineries was obtained
from the Renewable Fuels Association, as well as the Nebraska Energy Office. We focus on ethanol
plants that use corn as their primary input. The latitude and longitude of each county is obtained
from the Census U.S. Gazetteer files. For county level weight matrix, an adaptation of the contiguity
matrices for county levels from Merryman [29] was made. The choice of counties with ethanol plants
is limited to the ones present in the ARMS data. ARMS are secondary data collected by the USDA’s
National Agricultural Statistics Service (NASS). In order to gain access to farmer level information,
considered confidential information, the reader needs to contact NASS and fill out the appropriate
forms. It surveys farmers and ranchers on various aspects of their farming practices at various stages
of the year during different phases [30]. NASS samples farmers from two main sampling frames: List
and area frames. ARMS is also stratified and probability weighted. Weights are assigned to each
observation in order to account for the probability of the observation being selected. NASS uses
a jackknife re-sampling process, consisting of 30 extra weights obtained from NASS to predict the
variations for every data item [30]. As such, estimations conducted in this study use the probability
weights provided by the ARMS dataset. All monetary values are indexed in 2016 dollars using the
consumer price index.

The matching criteria used to join the two datasets were county for the location of the ethanol
plants and farms. The analysis is conducted with data for the top ethanol producing states: Illinois,
Indiana, Iowa, Kansas, Michigan, Minnesota, Missouri, Nebraska, North Dakota, Ohio, South Dakota,
and Wisconsin. Together, these states produce close to 90% of the total U.S. corn production [31].
The DID model requires two periods to isolate general corn revenues changes over time. The initial
period was 2015 and the ending period 2016, namely the most current data available. The DID model
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requires control and treatment to have constant trends over time. We believe that in one year, there will
be less variation in the county and thus we can isolate the effect by the ethanol plant in comparison
to when we use a longer timeframe. We believe that one year is enough to measure the impact of
an ethanol plant on farmer’s revenues for two reasons: (1) The decision on the amount of corn to plant
is annual; (2) the impact of ethanol plant on corn contract prices has been found to change monthly [4].

The spatial weights matrix of N X N dimensions was constructed by adapting the contiguity
matrices for county levels from Merryman [29]. The spatial weights matrix by Merryman [29] identifies
all neighboring counties in the U.S. using contiguity matrices. As such, if county i and county j are
neighbors, then the element Wij of the matrix W has a value of 1 and a zero otherwise. In addition,
a county is not considered to be its own neighbor (i.e., wj; = 0). Given that not all counties are
represented in ARMS and in our study area, we adapt the spatial weight matrix by eliminating the
rows and columns identifying counties outside of our study area. By eliminating the rows and columns
of counties outside of the sample, we avoid forcing non-neighbor counties to become neighboring
counties. For example, if we start with the following matrix with counties A, B, C, D, and neighbors
(A,B), (B,C), (C,D):

0 1 00
1 0 1 0

Wij = 0 1 01 I (7)
00 1 0

and wish to transform the matrix to reflect the counties in our sample, say A and D, we would eliminate
rows 2 and 3, as well as columns 2 and 3 from W;;, ending up with the matrix (Nj;) where there are

no neighbors:
00
we[ 2] .

ARMS is not a panel data survey; as such, not all data on contracts are available in both years for
all counties. We control for the unbalanced nature of the dataset by clustering standard errors at the
contract level in a county. Information on the dependent variable, corn contract revenues, came from
the ARMS. We consider as corn contract revenues the total dollar amount received from corn marketing
contracts. Marketing contracts are agreements that determine price and quantities of a product to be
delivered. Agricultural contracts make up a significant portion of U.S. agricultural production [32].
Corn costs represent 50%—70% of operational costs [33]; as such, ethanol plants may prefer to sign
contracts with nearby corn producers as a protection against volatile corn markets and to ensure
a steady processing flow [34]. Hence, we focus on corn contracts. In addition, farm characteristics
such as a diversification entropy index, land tenure, farm size in terms of total assets, farm typology,
operator age, and education also came from ARMS and were hypothesized to affect corn revenues [35].
The diversification entropy index ranges from 0 to 1 and provides a measure of farm diversification [36].
For example, a farm producing only corn would have a diversification entropy index of 0 and a fully
diversified farm would have a diversification entropy index of 1. Specialization in corn production may
lead to gains in economies of scale leading to higher revenues. County level characteristics included
indicators for a farming dependent county, and a rural county index from the U.S. Census. These are
included to control for economic factors affecting corn contract revenues (e.g., more rural counties may
have lower corn contract revenues due to lower wages or lower corn production costs).

Table 1 displays information on the summary statistics of the data used in the model. The average
corn contract revenues in 2015/2016 were $77,851. Among the counties in the sample, 28% have
an ethanol plant and 18% are dependent on farming. Over half of the data (i.e., 56%) is from 2016,
the rest of the observations are from 2015. The interaction term between the time and treatment
dummy variables shows that 15% of the corn contracts in 2016 were in counties with an ethanol plant.
The average farm size, measured as total assets, was about $3.5 million, with 37% of farms having assets
over $3 million. The principal operator was, on average, 54 years old, operated on average a farm size
between an intermediate and commercial farm (i.e., with a farm typology of 2.5), and had, on average,
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some college level education. Farm Typology is split into 1—Family farms, 2—Intermediate Farms,
and 3—Commercial Farms, see Hoppe and MacDonald [37]. There were 629 counties included in
the analysis.

Close to one-third of the observations are in the treated group (i.e., farmers with corn contracts
located in counties with ethanol plants) and two-thirds are in the control group (i.e., farmers with corn
contract revenues in counties without ethanol plants). In order to check for similarities between the
treated and control groups, balancing tests are conducted (see Table 2). Results from the t-tests show
that treatment and control groups had similar characteristics and that the control group was a valid
counterfactual group. Except for operator education in 2015, for all variables, the hypothesis that the
mean of the treatment group is different than that of the control group is rejected at a 5% statistical
significance level. The statistically significant difference in education averages is not an issue since the
averages, when rounded off belong to the same categorical level (i.e., 3).

Table 1. Descriptive statistics.

Variable Definition Mean Star.ldafrd
Deviation
Ethanol plant Dummy 1 if the county of farmer has an ethanol plant 0.28 0.45
Time Dummy 1 if observation is in the second year 0.56 0.50
Ethanol plant dummy * Interaction term measuring the 015 035
time dummy difference-in-differences effect ' '
Corn contract revenue Total amount in received in dollars of 2016 $77,851 $126,626
Log corn contract Natural logarithm of the corn contract revenue 10.41 1.36
revenue
Entrooy diversification Diversification index defined by ERS-USDA that
Py ranges between 0 and 1. Higher values 0.24 0.11
index . : e
represents higher levels of diversification
Land tenure Proportion of owned to total land 0.52 0.56
Land tenure (dummy) 1 if the ratio of the area owned to operated is 0.50 045 0.50
or more
Farm size Total assets in 2016 dollars $3,475,695 $5,455,123
Farm Size (dummy) 1 if the total assets are greater than 3 million 0.37 0.48
Operator age Age of the operator in years 54.08 13.26
Operator education Operator education in categories from 1 to 4 2.96 0.86
Farm Typology Farm Class1ﬁcat10r.1 developed by the USDA 248 078
ranging from 1-3
Farming dependent Based on U.S. Census Economic dependency 0.18 0.38
county index, where 1 if county is farming dependent ' '
Low employment county Index def11.1e.d by the U.S. Census. It equals 1 0.00 0.03
when it is a low employment county
Index defined by the U.S. Census ranging from
Urban-rural .
. 1-9. Higher numbers represent more 5.28 2.36
county index .
rural locations
Number of observations Number of corn contracts 3003
Number of clusters Number of distinct counties 629

Notes: DID: Difference-in-difference. Farm size and tenure dummies were used in the estimation instead of the
continuous variables because it produced a more robust model. Farm Typology is split into 1—Family farms,
2—Intermediate Farms, and 3—Commercial Farms. Operator education is split into 1—less than high school
diploma, 2—High School, 3—Some college (includes associates degree) and, 4—4-year college graduate and beyond.
The average corn contract price was $3.81.
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Table 2. Balancing tests: p-values and averages.

2016 (Average) 2015 (Average)

Variable P-Value P-Value
Control Treatment Control Treatment

Entropy 0.23 0.25 0.15 0.23 0.24 0.32
Land tenure 0.51 0.45 0.20 0.53 0.57 0.47
Farm size $3356 $3714 0.27 $3277 $3768 0.14
Operator age 52 54 0.40 54 56 0.13
Operator education 2.93 2.96 0.73 3.06 2.88 0.03
Farm Typology 2.53 2.66 0.14 241 2.49 0.38
Farming dependent county 0.20 0.17 0.34 0.20 0.13 0.08
Urban-rural county index 5.28 5.25 0.88 5.27 5.54 0.21

Observations Control  Treatment
Number of corn contracts 2118 885
Percentage of contracts in each group (%) 71 29

Note: Control group are counties without an ethanol plant while treated group are counties with an ethanol plant.

3. Results and Discussion

Non-spatial and spatial difference-in-differences models are estimated to analyze whether farmers
located in the same county or adjacent to counties with ethanol plants incur additional corn revenues
than those located in counties without an ethanol plant. Estimation results of the non-spatial and
a spatial difference-in-differences (DID) models are presented in Table 3. Both models have an R? of
0.35, meaning that they explain 35% of the variation (i.e., the distance between the actual value and
the mean). The presence of misspecification and omitted variable bias were tested for and rejected
at a 5% statistical significance level. The standard errors are larger than standard errors produced
by an ordinary least squares regression due to the clustering of the standard errors. The non-spatial
and a spatial difference-in-differences (DID) models provided coefficients of similar magnitudes
and of the same sign. In the spatial DID model, the coefficient associated with the spatial weight
matrix and treatment dummy and the time dummy (Wdt) was statistically significant, meaning
that the model did not revert to the non-spatial DID model [25]. Additionally, not controlling for
the spatial treatment correlation would have rendered the treatment estimate of the non-spatial
difference-in-difference model biased and inconsistent [25]. Since the dependent variable, corn revenue,
was logged, the coefficients displayed in Table 3 are interpreted as the percentage change in corn
revenue (e.g., if the farm is intermediate its corn revenue would be 33% higher than that of a small
farm).

The difference-in-differences (DID) effect in both the non-spatial and spatial model were not
statistically significant, indicating that we were unable to find a statistically significant impact from
ethanol plants on corn contract revenues in their host counties (Table 3). The DID effect of the
non-spatial difference-in-differences model is equivalent to the average treatment effect of the spatial
difference-in-differences model. The average direct (ADTE) and average indirect (AITE) treatment
effects of the spatial difference in differences model are displayed in the bottom section of Table 3.
In the spatial model, ADTE was not statistically significant, but AITE was, meaning that ethanol plant
siting has positive spillover effects onto adjacent counties (Table 3).

The results show that the higher revenues observed in counties with an ethanol plant are due
to factors other than the presence of an ethanol plant. These may be counties with an excess supply
of corn and hold a competitive advantage over corn production. These results eco the findings
of Sarmiento et al. [8] and Lambert et al. [9] that find that the site selection of an ethanol plant is
predominantly based on feedstock availability. Another possible explanation for our results is that
farmers in these counties may also have lower bargaining power and be willing to accept a lower
corn contract price, making up for their losses by increasing the quantity of corn supplied. Factors
related to the farm business and the county have a statistically significant impact on local corn contract
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revenues. Farms with over three million dollars in assets received 65% more in corn revenues than
those with smaller assets. Intermediate farms (those with sales up to $249,999) had 33% higher corn
revenues than small family farms, while commercial farms (those with sales of $250,000 or more)
earned 123% more in corn revenues than small family farms (for information on the farm typology,
see Hoppe and MacDonald [37]). This difference in revenues may be a result of economies of scale in
corn production. Given that ethanol plants are more likely to locate in regions with higher corn yields
and with more areas of corn production [8], results seem to indicate that these regions are the ones
attracting ethanol plants.

Table 3. Non-spatial and spatial difference-in-differences (DID) estimation results with treatment being
counties with an ethanol plant from 2015 to 2016.

Log Corn Contract Revenue

DID OLS DID Spatial
Coefficient Standard Error Coefficient Standard Error
Time dummy -0.019 0.110 -0.071 0.117
Ethanol plant dummy -0.032 0.127 —-0.034 0.127
Interaction of weight matrix
with treatment and time 0.010 i 0.004
dummy (Wdt)
Ethanol plant dummy *time -, ; ¢, 0.185 0.155 0.183
dummy
Entropy -0.585 0.536 -0.605 0.528
Tenure dummy —0.455 0.111 —0.460 i 0.111
Farm size dummy 0.652 wx 0.086 0.650 ek 0.086
Intermediate farm 0.334 xk 0.157 0.332 x* 0.155
Commercial farm 1.226 A 0.147 1.228 o 0.147
Operator Age 0.002 0.005 0.002 0.005
Operator education —-0.048 0.054 -0.050 0.053
Farming dependent 0.060 0.127 0.056 0.127
Urban-rural county index 0.045 * 0.023 0.044 * 0.024
Low employment county 1.100 o 0.155 1.096 o 0.153
Constant 9.408 ok 0.456 9.444 i 0.450
Average direct treatment effect (ADTE) 0.155
Average treatment effect (ATE) 0.187
Average indirect treatment effect (AITE) 0.032**
Number of observations 3003 3003
R? 0.35 0.35
Counties 629 629

Notes: * 10%, ** 5%, and *** 1% levels of statistical significance. Standard errors are clustered at the county level.
DID effect is equivalent to the average direct treatment effect (ADTE) in the spatial model. WdLt is the coefficient
associated with the interaction of the weight matrix with the treatment and time dummy.

Farmers that owned over 50% of the land they operated received 46% less in corn revenues than
those that operated mostly on rented land. This difference may be due to rental rates pressuring
farmers that lease farmland to be more profitable [38]. Entropy, operator’s age, and education did
not have a statistically significant effect on local corn contract revenues. County characteristics also
help explain the difference in revenues received by farmers. Corn revenues were higher in more rural
locations. For instance, a change in the urban—rural index from 5 to 6 was associated with a 5% increase
in corn revenues. This is likely a result of lower rental rates in less urban areas [39] and less off-farm
jobs opportunities [40]. Lower rental rates may allow farmers to operate at a larger scale, and the lack
of off-farm job opportunities may offer farmers more time to dedicate to farming. The positive effects
from county characteristics (e.g., low employment county and urban-rural county index) aligned with
farmers and farm characteristics may point to these counties with ethanol plants having a competitive
advantage on corn production with respect to other counties.
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The AITE shows that farmers in counties adjacent to counties with ethanol plants experienced
an increase of 3% in their corn contract revenues (Table 3). A possible explanation for the positive effect
on neighboring counties could be the expansion of corn production into these counties. This situation
was, in fact, experienced in Brazil. During the 21st century sugarcane production expanded from the
state of Sao Paulo, the leading state in ethanol and sugar production, to counties that bordered the
state [41,42]. Farmers switched from grain and livestock production to sugarcane expanding sugarcane
production to adjacent counties [41,42]. The size of the effect on corn contract revenues in adjacent
counties resembles the changes in corn acreage found by Li et al. [43] due to increases in ethanol
production capacity. The authors find that an increase in ethanol capacity can lead to a 3% increase
in corn acreage. They also argue that corn price changes have little effect on corn acreage. As such,
the benefits from being adjacent to counties with ethanol plants come from increases in the quantity of
inputs sold and not from changes in prices, as Figure 2a,b indicate.

Costs associated with feedstock supply may influence the location of an ethanol plant, as such,
observed ethanol plants may not be randomly assigned [24]. We repeated the analysis using
instrumental variables for the endogenous variables: Ethanol plant dummy and ethanol plant
dummy * time dummy. Similar to Miao [13] we use the ethanol production capacity aggregated at the
state level. Although the state ethanol production capacity is correlated with the county-level ethanol
production capacity, the state level is not dependent on the capacity of a single county [13]. We also
use as instruments the interaction between the time dummy and the state ethanol production capacity
and the U.S. Census index for low employment county in 2000. Information on the state ethanol
production capacity comes from the Energy Information Administration [44]. Given the increase in the
number of biofuel refineries since 2000 and the time it takes for a plant to be built and put into service,
the general economy of the county in 2000 would influence an ethanol plant siting. Lower employment
opportunities could mean lower labor costs for the ethanol plant. The index is not, however, expected
to influence farmers’ revenues in the years of 2015 and 2016 for the decision to grow corn can be made
in a shorter time period (i.e., an annual decision). The results using the instrumental variables are
similar to those in Table 3. The DID effect continues to be statistically insignificant and the statistically
significant coefficients have the same signs and are similar in magnitude (Tables 3 and 4).

Table 4. Results from the two stage least square estimation for the years 2015 to 2016.

Log Corn Contract Revenue

Coefficient Standard Error

Time dummy —-0.204 0.504

Ethanol plant dummy 1.248 1.465
Ethanol plant dummy * time dummy 1.030 1.606

Entropy -0.579 0.597

Tenure dummy —-0.393 il 0.134

Farm size dummy 0.488 e 0.150
Intermediate farm 0.349 * 0.201
Commercial farm 1.279 o 0.184
Operator age —-0.001 0.005

Operator education —-0.038 0.067
Farming dependent 0.102 0.226
Urban-rural county index 0.029 0.036
Constant 9.235 o 0.611

Kleibergen-Paap rk Wald F statistic 9.127
Hansen ] statistic 1.966

0.161

RMSE 1.36

Number of observations 3003
Counties 629

RMSE are the root mean squared errors. P-values are in the brackets. Standard errors are clustered at the county
level. Instrumental variables are ethanol production capacity at the state level, the interaction between the time
dummy and the state level ethanol production capacity, and the index for low employment county from the 2000
U.S. Census. Hansen J statistic test of the validity of over-identifying restrictions does not reject the null hypothesis
that instruments are exogenous. The Kleibergen-Paap test is close to 10 and may indicate a good instrument [45].
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The lack of an effect of ethanol plant location on local corn contract revenues supports ideas
presented in other studies as to: (1) Other drivers rather than ethanol plant location affect changes in
planted corn acreage [10]; (2) effects of the ethanol plant location may be temporary, dissipating in
months [4] and as such would not be captured in this model; (3) counties with higher specialization in
corn production attract a new ethanol plant [8]; or (4) there are no corn price premiums in counties
with an ethanol plant [2]. It is important to highlight that our results are limited to revenues from corn
contracts. We focused on this form of procurement since it has been shown to be an advantageous and
main form of procurement of feedstock used by ethanol plants [46]. As such, our results may not be
expanded to interpret the effects on other corn markets (i.e., spot markets). We leave this analysis to
future studies.

4. Conclusions

The impact of ethanol plants on corn prices and corn acreage has been the topic of various studies.
This study investigates a phenomenon observed between counties with ethanol plants and those
without ethanol plants. That is, the average corn revenues in counties with an ethanol plant are higher
than in counties without, at similar corn prices. Non-spatial and spatial difference-in-differences
models are estimated using ARMS data. The models account for changes over two-years in corn
contract revenues and estimate the impact of ethanol plants on local corn contract revenues. The effect
from the presence of ethanol plants on the corn contract revenues in their counties was inconclusive.
The higher revenues observed are probably due to factors related to the operator (i.e., capital and
tenure), size of the operation, and characteristics of the county. Results suggest that ethanol plants
may be located in areas with competitive advantage in corn production (i.e., areas specialized in corn
production and with higher corn yields). While we do not see a statistically significant impact from
ethanol plants on corn revenue in the county where the ethanol plant is located, we do see a positive
impact in adjacent counties. It is likely that although the county where the ethanol plant is located
may have a competitive advantage in corn production, its neighbors may not. As such, neighboring
counties face gains in revenues with the location of the ethanol plant.
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