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Abstract 

We study the relation between access to finance and productivity at the county level. We exploit 

an exogenous shift in demand for a product to expose how producers adapt their productivity in 

the presence of varying levels of access to finance. We use a differences-in-differences-in-

differences testing approach and find that production increases the most over the sample period in 

counties with relatively strong access to finance, even in comparison to a control group. This 

result is statistically significant, and robust to a variety of controls, alternative variables, and tests. 

Our findings show how access to finance can have a positive impact on productivity, and speak to 

the larger role of finance in economic growth.  
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 We use a natural experiment to examine whether access to finance is a critical 

component for fueling economic growth and productivity.  The question of whether 

finance creates growth (e.g., Hicks (1969)) or follows growth (e.g., Robinson (1952)) 

dates back at least as far as Schumpeter (1912). In general, researchers find it difficult to 

study the direction of causality between financial development and economic growth 

because finance and growth are endogenously determined and rest in equilibrium. 

Further, what the precise channels are through which any finance-to-growth effect 

operates remain unclear. This paper examines the impact of access to finance on 

productivity as a candidate explanation to help bridge the gap. We use the recent shift in 

the demand for renewable gasoline fuel additives—specifically, ethanol—as a natural 

experiment to study the finance-growth nexus. We argue that the newly urgent increase in 

the demand for ethanol has disturbed the equilibrium, and we use this as the source of 

identification in our tests.  Specifically, we ask whether access to external finance allows 

producers to enhance their productivity more readily to the shift in demand.   

 In the United States, the Energy Policy Act of 2005 mandated that renewable fuel 

additives in gasoline nearly double to 7.5 billion gallons by 2012. This act, combined 

with rising crude oil prices and new ethanol subsidies, has created an exogenous shift in 

demand for U.S. corn, the main ingredient in U.S. ethanol production. We use county-

level data on crops, weather, and finance in midwestern states—the primary corn-

producing region in the United States known colloquially as the “corn belt”—during 

2000 to 2006 to study the productivity response of farmers to this shift in demand for 

corn and demonstrate a positive link between access to finance and productivity growth. 

  We use a triple differences (differences-in-differences-in-differences) testing 

procedure (DIDID, henceforth). The first difference is the response of productivity to 

greater versus lesser access to external finance. The second difference is the response of 

productivity to a shift in demand. The third difference is the response of productivity for 
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the commodity with increased demand (corn) versus a control crop that had no shift in 

demand (soybeans). Our main variable of interest is the interaction of these three: 

productivity response for corn (relative to soybeans) during the ethanol boom (relative to 

the pre-ethanol mandate period) across varying levels of access to finance.  

Consistent with the view that finance affects growth, we find that there is indeed 

a large shift in corn productivity in response to the ethanol-induced shift in demand, and 

that this productivity improvement is confined to counties with high levels of bank 

deposits. Our DIDID procedure allows us to dismiss many alternative hypotheses. Our 

results say that the increase in productivity is restricted to corn, which experienced a 

large demand shift, but not our control crop (soybeans); the increase in productivity 

occurs during the post-ethanol boom period but not before; the increase in productivity 

occurs in counties that have substantial access to finance, but not those that have less 

financial development. Thus, a competing alternative hypothesis must relate to corn only, 

to the post-ethanol period only, and to the finance-heavy counties only. This rules out, 

among other things, general trends in farm productivity. Furthermore, our results hold 

with (and without) state- or county-fixed effects, which rules out many alternative 

hypotheses centered on unobservable factors driving our results. 

To construct our tests, we need an appropriate measure of productivity for the 

farming industry. Economists commonly view crop yields as a relevant measure of 

farming productivity (e.g., Feder (1985), among many others), which is precisely our 

need in this study. Crop yield is output per unit of land, specifically, the harvested 

number of bushels of a crop per acre planted in that crop; these data are available for each 

crop by county on an annual basis. One advantage of our proxy for productivity 

compared to, say, total factor productivity is that it is easily measured, need not be 

estimated like a total factor productivity measure, and is specific to the industry we study.  
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We also need an appropriate empirical measure of access to finance. In similar 

spirit to Becker (2007), we use a measure based on aggregate county-level bank deposits. 

Becker (2007) shows that local bank deposit supply has a positive and significant effect 

on local economic outcomes through the loans that the banks make. What is particularly 

useful for our study is Becker’s result that the market for bank capital is segmented 

geographically—at the metropolitan statistical area MSA and zip code levels, local 

deposits (and hence loan supply) affect local economic outcomes. Becker’s result is 

consonant with Petersen and Rajan (2002), who find that the median distance between 

small businesses and their banks is only about five miles in recent years. For comparison, 

the size of the median county in our sample is 416 square miles, or about twenty miles by 

twenty miles. Given the highly localized nature of bank lending, our access to finance 

measure is, arguably, a good one. Nonetheless, we examine a number of alternative 

measures of access to finance and find similar results. We discuss these robustness tests 

in more detail below. 

Of course, there are other determinants of crop yields besides access to finance. 

Soil fertility and weather are two obvious things that affect agriculture. We control 

directly for weather with precipitation and temperature variables and control indirectly 

for soil fertility and other unobservables with state- and county-fixed effects. In the 

county fixed effects regressions, only within-county time-series variation in deposits can 

drive our results.  

The magnitude of our results suggests that the effect of access to finance on 

growth is economically nontrivial. A simple two-way sort demonstrates that corn yields 

in the midwestern United States have increased by 10.4 bushels per acre more in counties 

with high bank deposits than in counties with low bank deposits over the sample period 

in comparison to the control crop. To provide some perspective, the standard deviation of 

corn yields across counties in Iowa, the largest corn producing state, was only 8.8 bushels 
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per acre in 2006. Our multivariate tests—which control for a variety of factors, including 

state- or county-fixed effects, population density, and meteorological conditions—

provide similar results.  

Our results are robust to a variety of changes in our tests. Using wheat as a 

control crop instead of soybeans, including contiguous county bank deposits, and using 

number of bank branches instead of our measure based on the amount of deposits in a 

county all leave our results unchanged. We also use a different demand shock—the 

sudden switch from sugar to high fructose corn syrup by major soft drink manufacturers 

in 1985—along with a different measure of access to finance based on bank branching 

deregulation (as in Jayaratne and Strahan (1996)) and find qualitatively similar results. In 

short, our results are robust to changes in our measure of access to finance, our event 

defining the natural experiment, general trends in farm productivity, and unobservable 

factors that would be absorbed by state- or county-fixed effects specifications. 

Most similar to our paper is that of Gatti and Love (2006), who study the relation 

between access to credit and total factor productivity in a sample of Bulgarian firms. Our 

findings and theirs are consistent, but there are several important differences. First, we 

perform our study at the county level, which represents an intermediate setting between 

the country level and firm level tests other papers employ. Additionally, our study 

focuses on a developed economy, which sets it apart from the vast majority of papers in 

the finance and growth literature. Recent examples of papers studying developing 

economies include Hoekman and Djankov (1999), who study firms in Bulgaria, and 

Maurel (2001), who studies firms in Hungary. We also employ a testing procedure that 

resolves the usual concern of endogeneity between access to credit and productivity, and 

we use an unambiguous measure of productivity, unlike other papers that rely on 

estimated measures such as total factor productivity. 
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The rest of the paper is organized as follows. Section I includes institutional 

details to provide background information on the research setting. Section II describes the 

analytic framework from which we approach the relation between access to credit and 

productivity. Section III discusses our data and describes its basic properties. Section IV 

describes our methods for testing the relation between access to credit and productivity, 

and gives results. Section V discusses robustness tests for these results, and Section VI 

concludes.  

 

I. Literature and Institutional Detail 

A. Background Literature on the Finance-Growth Nexus 

Levine (2004) provides an in-depth review of the finance-growth nexus 

literature. Here, we mention a few papers most relevant to our study. 

Recent theoretical research has focused on the link between access to financing 

and productivity. For example, Levine (1991) demonstrates that stock markets fuel 

growth in two ways: by facilitating firm ownership transfers without disturbing 

production, and by permitting portfolio diversification. Bencivenga, Smith, and Starr 

(1995) develop a theory explaining how the financial sector can alleviate information 

transaction costs, which increases the viability of longer-gestation, higher-return projects.  

A number of empirical studies examine the link between access to credit and 

productivity at the country level. Easterly and Levine (2001) find that total factor 

productivity drives a substantial portion of variation in cross-country differences in the 

level or growth rate of GDP per capita. Levine and Zervos (1998) argue that “stock 

market liquidity and banking development both positively predict growth, capital 

accumulation, and productivity improvements when entered together in regressions, even 

after controlling for economic and political factors” (pg. 537). In some cases, however, 

access to credit can have adverse effects on economic growth if capital is inefficiently 
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allocated. Ghani and Suri (1999) argue that Malaysia’s banking sector inefficiently 

allocated capital during the East Asian financial crisis, which led to a decline of the 

country’s total factor productivity.  

Other empirical studies, such as those of Bernstein and Nadiri (1993), Nickell 

and Nicholitsas (1999), Schiantarelli and Sembenelli (1999), Schiantarelli and Jaramillo 

(1999), and Schiantarelli and Srivastava (1999), find positive links between access to 

credit and productivity at the firm level. These studies are limited, however, because they 

focus on the effects of leverage on productivity. A recent paper by Gatti and Love (2006) 

addresses this shortcoming by using the presence or absence of overdrafts, and lines of 

credit as more direct measures of access to credit. Gatti and Love (2006) find that access 

to credit is positively associated with total factor productivity in their sample of 

Bulgarian firms. 

B. Institutional Detail: Agricultural Commodities 

 Agricultural spot markets are commodities markets in which agricultural goods 

are sold for cash and delivered without delay. Contracts bought and sold on these markets 

become effective immediately upon their transaction. Contract sizes are standardized and 

are typically in the thousands of bushels. Bushel sizes vary somewhat by crop, but are 

typically around fifty harvested pounds of a given crop.  

C. Institutional Detail: Corn and Soybeans 

Corn, soybeans, and other crops are bought and sold on midwestern U.S. 

agricultural spot markets. According to the 2002 Census of Agriculture conducted by the 

National Agricultural Statistics Service (NASS), a division of the United States 

Department of Agriculture (USDA), corn and soybeans are the two largest-planted cash 

crops in the United States, with harvests of 68.2 million acres and 72.4 million acres, 

respectively. Table I contains basic information regarding these crops. In recent years, 

soybeans were the largest-harvested crop in the United States. By 2007, however, corn 
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supplanted soybeans as the largest-harvested cash crop in the United States. Despite the 

change of status between corn and soybeans as the most widely harvested crop, they 

remain the two largest-harvested crops, overall. Thus, although we are primarily 

concerned with changes in corn productivity, we analyze soybeans as well for the sake of 

robustness.  

[Insert Table I here.] 

Corn comes in two main varieties: sweet corn and yellow-kernelled corn (i.e., 

field corn). Yellow-kernelled corn is an actively traded commodity; sweet corn is not. 

Yellow-kernelled corn is the main ingredient in ethanol production in the United States, 

and thus it is the focus of this paper. Soybeans effectively come in only one variety: 

yellow soybeans.  

D. Institutional Detail: Ethanol 

According to a recent report from the Economic Research Service, a division of 

the USDA, the demand for ethanol in the United States has surged due to a number of 

complementary forces. First, market conditions for crude oil have changed. Crude oil 

prices averaged $20 per barrel in the 1990s, but rapidly grew to a record $59 per barrel in 

2006. As crude oil becomes more expensive, ethanol becomes more attractive as an 

alternative fuel source. Second, the Energy Policy Act of 2005 mandated that renewable 

fuel additives in gasoline—ethanol is a principal renewable fuel—reach 7.5 billion 

gallons by 2012. Further, this new legislation provides no liability protection for the 

gasoline additive methyl tertiary butyl ether (MTBE), which had been a popular fuel 

additive. MTBE, a suspected carcinogen that can contaminate aquifers of drinking water, 

has recently been banned by many states. Eliminating this liability protection increases 

the relative attractiveness of ethanol as a substitute. Third, new tax laws provide further 

incentives for biofuels. Tax credits of 51 cents per gallon of ethanol blended with 

gasoline are available to U.S. gasoline manufacturers under the current federal tax law. 
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Imported ethanol, on the other hand, faces a tariff of 54 cents per gallon (with the 

exception of duty-free status for certain Central American and Caribbean countries on up 

to 7 percent of the U.S. market for imported ethanol).  

 

II. Analytical Framework 

 In this section we propose a simple analytical framework to formalize the 

intuition for our empirical tests. Note that this setup is intended solely to motivate the 

empirical specification to come. It is not intended as a rigorously specified model. 

Consider a producer in a two-period world (t and t+1). The producer’s problem is to 

maximize production in period t, subject to a budget constraint. We reference a Cobb-

Douglas production function to represent the relation between inputs and outputs.  

max βαβα −−=Π 1
tttt LlaK  (1) 

s.t. tttLttlttK BLwlwKw ≤++ ,,,  (2) 

where  

 tΠ  = Production at time t,  

 tK  = Capital at time t,  

 tl  = Land at time t,  

 tL  = Labor at time t,  

 a , α , β  = Constants determined by technology,  

 tKw , , tlw , , tLw ,  = Respective prices of capital, land, and labor at time t,  

 tB  = Budget at time t, determined as follows 

)( 1+Π+= ttt PVCB δ  (3) 

where 
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 tC  = Cash on hand at time t,  

 δ  = A measure of ability to borrow against future cash flows, and 

 PV(Πt+1) = Present value of future production.  

 Our analysis focuses on the relation between the budget at time t, tB , and the 

product of ability to borrow against future cash flows δ  and the present value of future 

production PV(Πt+1). A producer’s budget increases with bank deposits in this 

framework. Producers can take advantage of this increase to enhance productivity. The 

relation between budget and bank deposits follows because when bank deposits are high, 

the banks holding them will have more funds to provide as loans (i.e., access to credit 

increases). A producer’s budget further increases with the present value of future 

production. This effect follows because lenders favorably view expected increases in 

production. That is, a producer will be able to borrow greater amounts when the value of 

her future productivity is expected to be high.  

 Our empirical tests center on the idea that the ethanol boom increased the present 

value of future cash flows to growing corn, PV(Πt+1), and that the ability to borrow 

against these future cash flows varies cross-sectionally county-by-county depending on 

the accessibility of credit, δ. Although the available data are too coarse to allow us to 

scrutinize individual farms’ specific uses of an expanded budget—that is, we do not 

know if corn farmers use their larger budget for increased capital expenditures, for labor 

costs, or to buy more land—we can test the idea that the availability of external finance 

might allow producers in an area to improve their productivity in response to a shift in 

demand for their product.  

 

III. Data 



10 

 Our data are on an annual frequency, and comprise county-level variables from 

the twelve states of the midwestern United States—Kansas, Illinois, Indiana, Iowa, 

Michigan, Minnesota, Missouri, Nebraska, North Dakota, Ohio, South Dakota, and 

Wisconsin—from 2000 to 2006. According to our calculations from USDA data, these 

twelve states comprise about 88 percent of all U.S. corn production. 

A. Independent Variables 

 The first independent variable of interest is the ethanol boom period dummy. The 

ethanol boom period dummy is equal to one in 2005 and 2006, and zero in previous 

years. The second independent variable of interest is access to finance. In similar spirit to 

Becker (2007), we use county-level bank deposits to proxy for access to finance. Bank 

deposits data come from the Federal Deposit Insurance Corporation’s (FDIC) website. 

We sum all bank deposits held by banks within a given county insured by the FDIC each 

year. Noting that many banks rely heavily on deposit financing, Becker (2007) shows a 

positive effect of local deposit supply on loan supply, and hence local economic activity. 

We expect better access to credit in counties with high levels of bank deposits. Our 

baseline measure of access to finance is a poor-finance county dummy variable equal to 

one if the level of bank deposits in a given county falls into the bottom quintile of all 

county-level bank deposits for a given year, and zero otherwise. We discuss the economic 

reasons for using this measure in more detail below.   

Although there are other sources of external finance available to farmers—e.g., 

federal farm loans programs—we note that commercial banks provide the majority of 

non–real estate farm loans (Cramer, Jensen, and Southgate (2001) and authors’ 

calculations from USDA data). The presence of other sources of finance works against 

our finding our results by making local bank finance less important to local economic 

outcomes. Figure 1 shows the change of relative densities of bank deposits across the 

midwestern United States from 2000 to 2006.  
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[Insert Figure 1 here.] 

B. Dependent Variables 

 Our primary dependent variable is crop yield, measured in bushels per acre, 

which proxies for productivity. Crop yields data come from the National Agricultural 

Statistics Service (NASS), which is affiliated with the United States Department of 

Agriculture (USDA). Figures 2 and 3 show the changes of concentrations of corn and 

soybeans yields across the midwestern United States from 2000 to 2006. We give more 

detail as to the appropriateness of these crops in the Methods section below.  

[Insert Figure 2 here.] 

[Insert Figure 3 here.] 

 We collect county-level ethanol production capacity as of April 2006, measured 

in millions of gallons produced per year. Ethanol production capacity data come from the 

Renewable Fuels Association’s (RFA) website (www.ethanolrfa.org/industry/ locations/). 

We have two measures of ethanol production capacity: ethanol production capacity in 

place, and ethanol production capacity under construction or planned for expansion. 

Production capacity data are measured in millions of gallons per year.  

Figure 4 shows a map of ethanol plants and their production capacity as of 2006 

with the county-level changes in corn yields. We use these data in robustness tests to 

explain how investors choose where to build ethanol production facilities.  

[Insert Figure 4 here.] 

C. Control Variables 

 Not surprisingly, temperature and precipitation play an important role in the 

production of corn and soybeans (see Thompson (1986) and Carlson, Todey, and Taylor 

(1996)). We control for meteorological conditions in our multivariate regressions by 

including growing degree days and inches of precipitation (and, as a robustness test, their 

squared terms to allow for nonlinearities). Daily observations for both of these variables 
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are collected from Weather Underground (www.weatherunderground.com). We consider 

the growing seasons listed in Table I and sum both of these variables from May 1 through 

October 31 for each year. Growing degree days (GDD) is a typical measure of 

temperature relevant for agriculture, and is defined as follows: 

max, min,

1

max ,0
2

D
d d

base
d

T T
GDD T

=

+⎧ ⎫
= −⎨ ⎬

⎩ ⎭
∑  (4) 

where 

D = Total number of days from May 1 through October 31,  

T max,d = Maximum temperature for a given day, measured in degrees Fahrenheit,  

Tmin,d = Minimum temperature for a given day, measured in degrees Fahrenheit, 

and Tbase = Base temperature of 50 degrees Fahrenheit. 

Weather stations are distributed sporadically across counties in the midwestern 

United States. Some counties have one or more weather stations, but most have none. We 

pick four weather stations for each state that are approximately evenly distributed 

geographically, and assign the data from the weather stations to the closest counties. This 

approach assumes that meteorological conditions within regional clusters of counties do 

not have significant variation. This is probably a safe assumption because the midwestern 

states exhibit little variation in topography and geology, especially within each state.1  

We control for population density, because it may be related to deposits (urban 

areas are likely to have more financial institutions). Population density may also directly 

correlate with crop yields; for example, counties with higher levels of urbanization may 

be less suitable for agricultural growth (due to poorer air quality or less arable land) or 

because when population density increases, residents will urbanize land less suitable for 

agriculture, increasing yields per planted acre. We use the U.S. Census Bureau 

(http://www.census.gov/main/www/access.html) estimates of county populations each 

                                                 
1 For a whimsical piece of evidence supporting this claim, see Fonstad, Pugnatch, and Voit (2003).  
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year from 2000 to 2006 and calculate population density by dividing the estimate of a 

county’s population for a given year by the county’s square mileage. We also control for 

whether a county had an ethanol plant in place in 2006, or had an ethanol plant under 

construction or planned for expansion. Ethanol production capacity and access to finance 

may be correlated. We explore this possibility in the robustness section.  

The county-level data for corn and soybeans in the midwestern United States 

from 2000 to 2006 give 12,849 county-year-crop observations. Table II provides 

summary statistics for our independent, dependent, and control variables. Panel A 

presents pooled summary statistics for county-year-crop observations. The maximum 

values for deposits and population density come from Cook County, Illinois, which 

contains the city of Chicago. Panel B presents summary statistics for standard deviations 

of county-level crop yields. This information is useful for interpreting the economic 

magnitudes of the forthcoming regression results. We present correlations among key 

variables in Table III.  

[Insert Table II here.] 

[Insert Table III here.] 

 

IV. Methods and Results 

A. Differences-in-differences-in-differences 

 We sort corn yields into thirty-five groups. First, we split the sample by year into 

seven groups (i.e., the data each year from 2000 to 2006 become a group). Within each 

year, we then form five quintiles based on the county-level bank deposits. That is, we 

place yields coming from counties with the lowest quintile of bank deposits in the first 

group, yields coming from counties with the next-lowest quintile of bank deposits in the 

second group, and so forth, until we finish by placing yields coming from counties with 
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the highest quintile of bank deposits in the fifth and final group. Then we average the 

yields. This procedure creates a seven-by-five matrix of average yields.  

We calculate the first difference by subtracting the average yield of the low bank 

deposits group of a given year from the average yield of the high bank deposits group for 

the same year. We perform a two-tailed t-test to determine if the difference is statistically 

significant. We perform this procedure for each year, from 2000 through 2006. The first 

difference demonstrates whether, for a given year, the average yield from a county with 

relatively high access to credit is higher than the average yield from a county with 

relatively low access to credit.  

We calculate the second difference by subtracting the first difference for 2000 

from the first difference for 2006. We perform a two-tailed t-test to determine if the 

second difference is statistically significant. This second difference demonstrates whether 

the gap in productivity between counties with high access to credit and low access to 

credit is simultaneously expanding with the increased demand for corn.  

We calculate the third difference after repeating this entire process for a control 

crop (soybeans). By comparing the second difference of corn with that of soybeans, we 

produce a third difference. This third difference allows us to assess whether the 

increasing gap found by the second difference is unique to corn, or simply a by-product 

of an economy-wide boom in agricultural productivity.  

 Table IV gives results for the DIDID approach. Our results show that corn yields 

in the midwestern United States have increased by 10.4 bushels per acre more in counties 

with high bank deposits than in counties with low bank deposits over the sample period.  

To put this in perspective, 10.4 bushels per acre is approximately half of a standard 

deviation of an average county’s annual corn yield per acre. In contrast, the difference in 

soybean yields between counties with varying levels of bank deposits shows no 

significant change over the sample period.  
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[Insert Table IV here.] 

 These results demonstrate how access to credit can affect productivity when an 

exogenous increase in demand for a product arises. Corn producers in counties with high 

levels of bank deposits respond to the exogenous shift in demand for corn by ramping up 

productivity. However, corn producers in counties with low levels of bank deposits do 

not increase productivity to the same extent. The demand for soybeans has not 

experienced a similar exogenous shift. Therefore, as expected, the difference in soybean 

productivity across counties with low and high levels of bank deposits has remained 

stable. We show this result graphically in Figure 5. 

[Insert Figure 5 here.] 

 Table IV shows an interesting feature of the relationship between finance and 

productivity.  The largest inter-quintile increase in productivity comes between the lowest 

and second-lowest quintiles.  The difference in the mean corn yield for between the 

lowest and second-lowest quintile is 11.9 bushels, which is almost double the difference 

between second-lowest and the middle quintile. Differences between other quintiles are 

even smaller.  

We interpret this result as evidence that access to finance has a nonlinear 

influence on productivity. That is, increases in access to finance will improve 

productivity, but decreasingly so.  Accordingly, we use a dummy variable—equal to one 

for county-year observations in the bottom quintile of bank deposits, zero otherwise—for 

low access to finance in our regressions that follow.  We also use other measures, such as 

a continuous measure of deposits and number of bank branches and find similar results; 

we discuss below the results based on each of these measures.     

B. Regression Specification 
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 We perform multivariate ordinary least squares (OLS) regressions. Equation (5) 

shows our basic regression approach. Subscripts i, t, and k denote county, year, and crop, 

respectively.  

Yieldi,t,k =  β1 Corn Dummyk +  

β2 Access to Financei,t +  

β3 Ethanol Periodt + 

β4 Corn Dummyk · Access to Financei,t · Ethanol Periodt +  

β5 Corn Dummyk · Access to Financei,t +  

β6 Corn Dummyk · Ethanol Periodt +  

β7 Ln Depositsi,t · Ethanol Periodt +  

Controls + Constant + εi,t,k 

(5) 

 

Ethanol Period is a dummy variable equal to one during the ethanol boom period 

(2005 and after), and zero otherwise. This variable proxies for the demand for corn, 

because the ethanol boom period provides an impetus for corn farmers to boost 

productivity.  

The first OLS regression pools all of the county-year-crop observations. The 

dependent variable is crop yield. We separately winsorize corn and soybean yields at 1% 

and 99% to mitigate the effects of outliers, though we note that this procedure does not 

materially affect any of our results or conclusions. We regress yields on bank deposits, 

the ethanol boom period dummy variable, and dummy variables for each crop.  

We also include a number of interaction terms in the regression. We interact crop 

dummies with the low-quintile deposits dummy variable and the ethanol boom period 

dummy variable. We expect this term to be negative and significant for corn, but 

insignificant for soybeans. We expect a negative relation for corn because corn yields 

should be lowest in counties with low access to credit (the low-quintile deposits dummy 
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equals one), yet particularly so when the demand for corn is high (the ethanol boom 

period dummy variable equals one) due to increasing interest in ethanol. We expect 

insignificant coefficients for soybeans because this crop has not experienced an 

exogenous shift in demand. We include interaction terms for crop dummy variables with 

the low-quintile deposits dummy variable, and for crop dummy variables with the ethanol 

boom period dummy. For control variables, we include the natural logarithm of 

population density, the natural logarithm of inches of precipitation, and the natural 

logarithm of growing degree days. (We note that if we do not take logged values of these 

control variables, our main results are all qualitatively unchanged.) To the extent that 

warmer weather and more rainfall are good for crop yields, we expect positive relations 

between both growing degree days and crop yields and also between precipitation and 

crop yields. The relations between weather and crop yields may be nonlinear and/or non-

monotonic—e.g., warm weather or precipitation may be beneficial to growing conditions 

only to a point—so we also run tests with squared terms for our weather variables for 

robustness purposes. We do not tabulate results that include these higher-ordered terms, 

but we note that our main results do not change if we include them.  

C. Regression Results for Corn and for Soybeans 

Our main results appear in Tables V and VI. In Table V we regress separately 

corn yields, and then soybeans yields, on the following variables: the low-quintile 

deposits dummy variable, the ethanol period dummy, our weather and population 

controls, and—our variable of primary interest—the interaction between the low-quintile 

deposits dummy variable and the ethanol period dummy, which captures whether 

productivity responded poorest in counties with low access to finance after the demand 

shift for corn created by the ethanol boom. We expect the coefficient on this interaction 

term to be negative and significant for corn. In each regression we include state- and 

county-fixed effects to control for any unobserved heterogeneity at the state and county 
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levels. Including state dummy variables removes any unobserved heterogeneity at the 

state level and forces identification of the regression coefficients through cross-sectional 

differences at the county level, and/or time series variation within a state or county.  

Including county-fixed effects forces identification of the regression coefficients solely 

through time-series variation within a county.  

[Insert Table V here.] 

 Table V gives results for 6,608 county-year corn yield observations, and 6,241 

county-year soybean yield observations. The regressions reveal a negative and significant 

relation between crop yields for both corn and soybeans and the interaction between the 

low-quintile deposits dummy variable and the ethanol boom period. The magnitude of the 

deposits-ethanol effect on corn productivity is roughly four to six times larger than it is 

on soybean productivity, depending upon the regression specification. In the corn yield 

regression, the coefficient on the interaction between low-quintile deposits and ethanol is 

–4.0. This result means that in response to the ethanol-induced demand shock for corn, 

counties with good access to finance were able to increase productivity by about 4 

bushels of corn per acre more than corn-growing counties with poor access to finance.  

The analogous effect in soybean production is a 0.6 bushel differential response across to 

the ethanol boom for counties with relatively good access to finance compared to those 

with poor access to finance. A visual inspection of these two magnitudes suggests that the 

effect on corn is much larger; we test this interpretation formally in the following 

analysis.  

In our specification with county fixed effects, both corn and soybeans 

productivity show a statistically significant effect of access to finance on response to the 

ethanol period, though the magnitude is much larger for corn. Our interpretation of this 

finding is that there may be some economies of scope for soybean production that come 

from improvements to corn production.  For instance, using good access to finance to 
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borrow money to purchase a large piece of farm equipment may have spillover effects to 

several crops if the equipment is not too specialized.      

D. Pooled Regression Results  

 To test formally whether the deposits-ethanol effect is stronger for corn than for 

soybeans, we pool the corn and soybeans data together and allow the intercepts and slope 

coefficients for Low Deposits, Ethanol Period, and the Low Deposits · Ethanol Period 

interaction to vary by crop.  Our interest is in whether the slope coefficient on Low 

Deposits · Ethanol Period is significantly different for corn and soybeans.  We test this 

by examining whether the triple interaction of the corn crop dummy with the low-quintile 

deposits dummy variable and the ethanol boom period dummy (i.e., Corn · Low Deposits 

· Ethanol Period) is significantly different from zero. We include our population and 

weather controls, and state dummy variables, county-fixed effects, or neither state 

dummy variables nor county-fixed effects. 

[Insert Table VI here.] 

 Table VI gives results for pooled OLS regressions involving 12,849 county-year-

crop observations. The regressions reveal a negative and significant relation between crop 

yields and the triple interaction term of the corn dummy variable, the low-quintile 

deposits dummy variable, and the ethanol boom period. Consider the first regression. The 

coefficient on the triple interaction term is –2.4, which means the change in corn yields, 

net of change in soybean yields, from pre- to post-ethanol boom is significantly lower in 

counties with the lowest levels of bank deposits. We interpret this result as follows. 

Although farmers in all counties might want to increase their productivity in response to 

the shift in demand for corn, those farmers in counties with little access to finance are 

less able to respond because they are relatively restricted in their ability to finance a plan 

for growth. 
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 We note that this result is not being driven by unobserved state- or county-level 

factors, (e.g., a favorable business climate in the state or soil fertility), because the result 

holds with state fixed effects (regression (2)) and with county fixed effects (regression 

(3)). Furthermore, the magnitude of the effect is about the same for each of our 

geographical fixed effects specifications. 

 To put the magnitude of this result in perspective, consider the second regression, 

which includes state dummy variables. The coefficient on the triple interaction term is 

about –2.7 bushels per acre, which is greater than 10 percent of a standard deviation of an 

average county’s annual corn yield per acre.  

 As an alternative measure of access to finance, in Regression (4) we substitute 

for our low-quintile bank deposits dummy variable the natural logarithm of the sum of all 

deposits held within banks for a given county and a given year. This is a continuous, 

rather than discrete, measure. We expect this variable to have a positive relation with 

productivity. Productivity may be high (low) in areas with high (low) access to finance. 

The triple interaction term involving the corn dummy variable, bank deposits, and the 

ethanol boom period dummy is positive but not statistically significant. This result is 

consistent with our discussion of the nonlinear relation between bank deposits and 

productivity. Our interpretation of this result is that in a highly developed economy such 

as the United States, the marginal impact of access to finance on productivity will be 

greatest where the level of access to finance is lowest. The continuous measure of access 

to finance, which forces a linear relation upon the data, does not adequately capture this 

aspect of the relation between access to finance and productivity response to a demand 

shock.  

 

V. Robustness  

A. Bank Branches as an Alternative Measure of Access to Finance 
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 A potential criticism of the baseline regressions is that county-level bank deposits 

may be endogenous with crop yields due to economic prosperity. That is, if a county 

experiences high crop yields, this will lead to more wealth for the farmers in the county, 

who may then deposit their wealth in local banks. This wealth can then be redistributed to 

farmers in the form of loans, who can then use the access to credit to improve 

productivity further. That is, prosperous and productive farming counties are unlikely to 

appear in the “low deposits” group, creating a reverse causality. 

 We address this possibility by substituting the number of bank branches in a 

given county for county-level bank deposits as the measure of access to finance in our 

regressions. Although in the long run bank branches may migrate to where there is 

economic prosperity, in the short run local economic conditions surely have a relatively 

small impact on the number of local bank branches. That is, the number of bank branches 

should be insensitive to changes in crop yields, but counties with more bank branches 

should be able to provide greater access to credit. Regression (4) in Table VI reports the 

results of this regression.   

 Using number of bank branches as our measure of access to finance produces the 

same qualitative results as our low deposits dummy.  We take the natural logarithm of 

one plus the number of branches and standardize the variable to be zero mean, unit 

variance. The coefficient on the triple interaction term is about 0.9, which means that a 

one-standard deviation increase in the logged number of county-level bank branches 

explains nearly one additional bushel of corn per acre when the demand for corn is high. 

In short, using number of bank branches produces the same qualitative results as using 

the low-deposits quintile dummy variable.  

B. Explanatory Power of Deposits in Contiguous Counties  

 County-level bank deposits, our proxy for access to credit in the baseline 

regressions, may not be a reasonable measure of access to credit if financial capital is 
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geographically mobile. County-level bank deposits may be capturing a wider, regional 

effect of access to credit, or maybe capital markets are not sufficiently segmented for 

county-level bank deposits to proxy accurately for access to credit.  

 We address this possibility by examining whether access to finance in 

neighboring areas affects productivity. Specifically, we add to our regression a set of 

controls for whether the sum of bank deposits in all contiguous counties in our baseline 

regression framework is in the lowest quintile of the sum of bank deposits in all 

contiguous counties. (We note that using the average, rather than sum, of contiguous 

county deposits, or using the level of deposits rather than the bottom-quintile dummy for 

the computation makes no difference.) We include the low-quintile contiguous county 

deposits dummy interacted with crop dummy variables and the ethanol boom period 

dummy, as in the baseline regression. Table VII presents the results.  

[Insert Table VII here.] 

 As expected, low-quintile contiguous counties’ deposits do not explain own-

county crop yields. The coefficients on the triple interaction terms involving low-quintile 

contiguous deposits are not significant for corn yields in any of the three regression 

specifications. Importantly, however, the triple interaction term involving own-county 

bank deposits remains negative and significant for corn. We interpret this result as 

evidence that county-level bank deposits are a reasonable measure of access to credit, and 

that, consistent with Becker (2007), capital markets are geographically segmented.  

C. Access to Finance and Changes in Planted Acreage 

 We examine planted acreage as an alternative proxy for productivity. In addition 

to trying to improve their per-acre output, corn farmers may respond to the ethanol shock 

by substituting corn acreage for other crops.  We substitute planted acreage in a county 

for crop yields on the left-hand side of the baseline regression. Table VIII presents the 

regression results.  
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[Insert Table VIII here.] 

 The relation in the baseline regressions—namely, that poor access to finance 

relates negatively to productivity—continues to hold. Specifically, we see that about 

3,000 acres of corn went unplanted in counties with bank deposits in the lowest quintile 

of the pooled average of county-year bank deposits, during the ethanol boom period.  

D. Tests Using Bank Branching Deregulation to Measure Access to Finance 

 Jayaratne and Strahan (1996) demonstrate that financial markets can directly 

affect economic growth; their tests exploit the relaxation of bank branch restrictions in 

the United States. They show that rates of real per capita growth in income and output 

increased significantly in states after the state allowed intrastate bank branching. 

 We follow Jayaratne and Strahan’s (1996) approach and examine crop yields 

before and after states deregulated their banking systems by allowing mergers and 

acquisitions through the holding company structure. We use their starting date, 1972, and 

extend the sample through 2002 (their data end in 1992).  We create a state-level dummy 

variable equal to one in the years following a state’s bank branching deregulation, and 

zero otherwise. Because this time period pre-dates the ethanol boom, we use a different 

demand shock for identification in our tests. In 1985, major U.S. soft drink manufacturers 

Coca-Cola and PepsiCo switched the primary sweetener they used in sodas from sugar 

cane-based glucose to corn-based high fructose corn syrup. The availability of high 

fructose corn syrup in American foods jumped from 37.2 pounds per capita in 1984 to 

45.2 pounds per capita in 1985. This one-year increase of 8.0 pounds per capita is the 

largest since the USDA began recording the availability of high fructose corn syrup for 

American consumption in 1966.  

We capture this shift in demand for corn due to the widespread use of high 

fructose corn syrup with a dummy variable equal to one from 1985 (the year of the switch 

to high fructose corn syrup) on, and zero in the previous years.  We then repeat our 
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productivity tests using state-level averages for crop yields, bank branch deregulation as a 

proxy for access to credit, and Coca-Cola and PepsiCo’s switch to high fructose corn 

syrup representing a shift in demand for U.S. corn. Standard errors are robust to 

heteroskedasticity and clustered at the state level.  Table IX presents the results.  

[Insert Table IX here.] 

 The results support both our findings mentioned above and the findings of 

Jayaratne and Strahan (1996). Corn yields increase by a statistically significant 22.3 

bushels per acre in states with deregulated bank branching restrictions when the demand 

for corn is high because of Coca-Cola and PepsiCo’s switch from sugar glucose to high 

fructose corn syrup as the primary sweetener in their soft drinks.  

 An important caveat is in order. We do not have weather data going back to this 

time period, so we do not control for temperature and precipitation as we do in our 

baseline tests. However, it seems unlikely that these omitted variables are correlated with 

branching deregulation, so our coefficient estimates may not suffer from any severe bias. 

E. Ethanol Production Capacity as a Function of Access to Finance 

So far we have documented that access to finance can affect productivity growth 

in response to a demand shock. We now ask whether access to finance has a direct effect 

on other economic outcomes. Specifically, we ask whether county-level financial 

development affects the location and size of ethanol plants. (We note an important caveat 

that the location and/or capacity could be endogenous—plants’ location and/or size could 

be chosen based on where there is good access to finance, or finance could follow to the 

areas where there are ethanol plants. In future analysis we will try to ascribe the direction 

of causality.) We perform a number of regressions involving ethanol production capacity 

as a function of access to finance. We have a snapshot of data for ethanol production 

capacity (in place, and planned for future expansion or under construction) for 2006. We 

begin by regressing our dummy variable Ethanol County (a county that has an ethanol 
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plant in place or planned for future expansion or under construction) on the low-quintile 

bank deposits dummy variable and population density using a probit model. The second, 

third, and fourth regressions use the same regressors. However, for these regressions we 

use the following dependent variables: county-level ethanol production capacity in place, 

county-level ethanol production capacity planned for future expansion or under 

construction, and the sum of county-level ethanol production capacity in place with that 

planned for future expansion or under construction. Table X presents the regression 

results.  

[Insert Table X here.] 

We find a positive relation between ethanol production capacity and access to 

finance. In all but our second regression specifications we find a significant and negative 

effect of poor access to finance on ethanol plant location or size. (We note that we find 

similar results when we use logged deposits rather than the low-deposits dummy.) Thus, 

we provide some support for the idea that finance is related to economic growth and 

viability by virtue of the industrial plants built in finance-heavy counties. However, this 

should be viewed with an appropriate amount of skepticism because we have not yet been 

able to establish clearly the direction of causality.  

F. Crop Prices as an Alternative Proxy for Demand 

As an alternative to our ethanol period dummy, we use spot market prices for our 

commodities as a proxy for demand for the crops. Price is not an ideal proxy for demand 

because changes in price could reflect changes in demand or supply. Indeed, a visual 

inspection of a time series of crop prices plotted in Figure 6 shows a large spike in price 

for soybeans in late 2004. This price spike was due to supply shocks in the United States 

and Brazil, the world’s two largest soybean producers.2 Even though price changes could 

                                                 
2 Source: Bruce A. Babcock, Center for Agricultural and Rural development at Iowa State 
(http://www.extension.iastate.edu/AGDM/articles/babcock/BabMay04.html).  
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be due to supply or demand changes, we nonetheless proceed with this robustness test 

using price as an admittedly imperfect proxy for demand shifts.  

Spot market price data are collected from Bloomberg. In particular, we average 

the daily spot market prices from September through October (i.e., spot market prices 

around the time of harvest) for corn and soybeans to proxy for the demand for each crop 

during a given year. This variable enters our multivariate regressions. Figure 6 displays 

spot market prices over time.  

[Insert Figure 6 here.] 

We use pricing data from spot markets in Illinois. (We note that the choice of the 

spot market from which we select the pricing data makes little difference in our tests; for 

example, the price of yellow-kernelled corn harvested in the USDA Northern Illinois 

region has a correlation of 0.973 with that harvested in the USDA Northeast Iowa 

region.) We substitute crop prices for the ethanol period dummy throughout the baseline 

regression equation, including the interaction terms, and add year dummies. We find 

qualitatively similar results to our main tests—we find corn yields are lowest in counties 

with poor access to finance (i.e., the counties have bank deposits in the lowest quintile), 

yet particularly so when the demand for corn is high (i.e., the price of corn is high) due to 

increasing interest in ethanol.   

 

VI. Conclusion 

 This paper examines the effect of access to credit on productivity. We exploit an 

exogenous shift in demand for U.S. corn to expose county-level productivity responses in 

the presence of varying levels of access to credit.   

The exogenous shift in demand for corn is due to a boom in ethanol production, 

which is a result of a number of complementary forces (rising crude oil prices, the Energy 

Policy Act of 2005, and new federal tax incentives). We find that counties in the 
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midwestern United States with the lowest levels of bank deposits have been unable to 

increase their corn yields as much as other counties. This result demonstrates the positive 

impact of access to credit on productivity.  

We employ a differences-in-differences-in-differences testing approach. Using 

soybeans as a control crop, we find that the increase of corn yields in counties with high 

levels of bank deposits is greater over our sample period than in counties with low levels 

of bank deposits, even in comparison to the yields of soybeans. Specifically, counties 

with high levels of bank deposits increased their corn yields by 10.4 bushels per acre 

(10.4 bushels per acre is approximately half of a standard deviation of an average 

county’s annual corn yield per acre) more than counties with low levels of bank deposits 

over the sample period. In contrast, we find no significant difference between the 

increases of soybean yields in counties with high and low levels of bank deposits over the 

sample period. This result eliminates the concern that we are simply capturing overall 

growth in agricultural productivity.  

We augment the differences-in-differences-in-differences test with pooled OLS 

regressions. We regress crop yields on crop dummy variables, a dummy variable 

measuring low access to finance, proxies for the demand for corn, variables capturing 

meteorological conditions, and a host of interaction terms. We find that corn yields have 

increased in response to the exogenous shift in demand for corn, but particularly so in 

counties associated with strong access to finance. Said differently, corn yields in counties 

with poor access to finance have been particularly lower than those in counties with high 

access to finance following the exogenous shift in demand for corn. Specifically, our 

main regressions show that corn yields were about 2.4 to 2.7 bushels per acre lower in 

counties with bank deposits in the lowest quintile during the ethanol boom period. This 

magnitude is greater than 10 percent of a standard deviation of an average county’s 

annual corn yield per acre. This result is consistent with that of the differences-in-
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differences-in-differences test, and further confirms the positive relation between access 

to credit and productivity.  

Our findings document a crucial linkage between finance and economic growth. 

Many economists believe in a positive relation between finance and economic growth. 

However, the specific channels through which this relation operates are less clear. Our 

findings provide concrete evidence that increased productivity is a key channel through 

which finance fosters economic growth.  
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Figure1. Changes of county-level bank deposits. 
This figure shows the change of relative density of bank deposits within counties in the midwestern United 
States from 2000 to 2006. Darker shading indicates greater growth in bank deposits.  

 
 
 

 
 

Figure 2. Changes of county-level corn yields. 
This figure shows the change of relative density of corn yields produced by counties in the midwestern 
United States from 2000 to 2006. Darker shading indicates relatively greater growth in corn yields.  
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Figure 3. Changes of county-level soybean yields. 
This figure shows the change of relative density of soybean yields produced by counties in the midwestern 
United States from 2000 to 2006. Darker shading indicates relatively greater growth in soybean yields.  
 
 

 
Figure 4. Ethanol production capacity plotted over changes of corn yields.  

County-level ethanol production capacity data are represented by pie charts. Red slices represent in-place 
ethanol production capacity as of April 2006, and yellow slices represent ethanol production capacity planned 
for expansion. Pie size represents current plus future ethanol production capacity. Layered underneath the 
ethanol production capacity data are relative densities of changes of corn yields produced by counties in the 
midwestern United States from 2000 to 2006. Darker shading indicates relatively greater growth in corn 
yields.  



33 

0

20

40

60

80

100

120

140

160

2000 2001 2002 2003 2004 2005 2006

Y
ie

ld
 (B

us
he

ls
 p

er
 A

cr
e)

High Corn Low Corn High Soybeans Low Soybeans
 

 
Figure 5. Average corn and soybean yields in high and low bank deposit quintiles.  

This figure contains time-series plots of four variables measured annually from 2000 to 2006: (1) the average 
corn yield in counties with bank deposits in the highest quintile, (2) the average corn yield in counties with 
bank deposits in the lowest quintile, (3) the average soybean yield in counties with bank deposits in the 
highest quintile, and (4) the average soybean yield in counties with bank deposits in the lowest quintile.  
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Figure 6. Crop prices over time.  
This figure displays daily prices of yellow soybeans, soft red winter wheat, and yellow-kernelled corn sold on 
spot markets in Illinois from January 2000 to June 2007 in dollars per bushel.  
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Table I 
Crop Details  

This table specifies the variety of each crop we study in the paper. This table also contains information 
quantifying recent U.S. harvests of each crop measured, and the time of year which each crop is planted and 
harvested. Harvest amounts, and planting and harvest seasons information come from the United States 
Department of Agriculture (USDA).  

 
Crop Variety 2002 Harvested 

Acres† 
2007 Harvested 

Acres† Planting Season Harvest Season 

Corn Yellow-Kernelled 
(Field Corn) 68.2 85.4 Spring Fall 

      
Soybeans Yellow 72.4 63.3 Late Spring Fall 

† Millions of acres 
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Table II 
Summary Statistics 

Panel A presents pooled summary statistics for county-year-crop observations. We examine counties in the 
twelve midwestern U.S. states each year from 2000 to 2006 with nonzero yields of corn and soybeans. 
Individual crop yields are measured in bushels per acre. Crop yields data come from the National 
Agricultural Statistics Service’s (NASS) website, which is affiliated with the United States Department of 
Agriculture (USDA). Deposits represents the sum of all deposits held within banks insured by the Federal 
Deposit Insurance Corporation (FDIC) for a given county and a given year, measured in millions of dollars. 
Deposits data come from the FDIC’s website. Price represents the average spot market price of corn or 
soybeans during the harvest period. Price is measured in dollars per bushel, and is collected from Bloomberg. 
Population Density is equal to the county population for a given year divided by the number of square miles 
in the county. Population data come from the U.S. Census Bureau’s website. Precipitation and GDD 
represent the inches of precipitation, and number of growing degree days in an associated crop’s region from 
May through October of a given year, respectively. Meteorological data come from 
weatherunderground.com. Panel B presents summary statistics for standard deviations of crop yields at the 
county level. For example, N is the number of counties growing a particular crop any year from 2000 to 2006, 
Mean is the average standard deviation of counties’ crop yields from 2000 to 2006, and so forth.  
 

Panel A 
 N Mean SD Min 25% Median 75% Max 

Corn Yield 6,723 130.2 34.5 0 109.3 135.4 155.1 220.0 

Soybeans Yield 6,323 38.9 10.1 2.9 32.0 40.0 46.9 67.0 

Deposits 13,046 1,064 5,677 0.8 151 300 638 180,338 

Branches 13,678 23.6 57.5 0 7 11 21 1,616 

Price of Corn 6,723 1.99 0.35 1.64 1.65 1.82 2.34 2.62 

Price of Soybeans 6,323 5.45 0.78 4.37 4.67 5.55 5.76 6.99 

Pop. Density 12,918 261.3 1,242.7 0.9 29.0 72.2 175.1 32,789.8 

Precipitation 12,975 25.0 21.5 2.5 16.1 20.7 27.3 227.5 

GDD 12,975 2,836 587 1,267 2,434 2,833 3,219 4,289 

 
Panel B 

 N Mean SD Min 25% Median 75% Max 

SD of 
Counties’ 

Corn Yields 
982 19.8 7.3 0 15.0 18.5 23.8 46.6 

SD of 
Counties’ 

Soybean Yields 
929 6.5 2.1 0 5.2 6.4 7.8 14.6 
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Table III 
Correlation Matrix 

This table presents pairwise correlations of county-year observations. We examine all counties in the twelve 
midwestern U.S. states each year from 2000 to 2006, and report information on corn and soybeans. Individual 
crop yields are measured in bushels per acre. Crop yields data come from the National Agricultural Statistics 
Service’s (NASS) website, which is affiliated with the United States Department of Agriculture (USDA). 
Deposits represents the sum of all deposits held within banks insured by the Federal Deposit Insurance 
Corporation (FDIC) for a given county and a given year, measured in thousands of dollars. Branches 
represents a count of all bank branches insured by the FDIC for a given county and a given year. Deposits 
and branches data come from the FDIC’s website. Price of Corn and Price of Soybeans represent the average 
spot market prices of corn and soybeans during the harvest period. Prices are measured in dollars per bushel, 
and are collected from Bloomberg. Population Density is equal to the county population for a given year 
divided by the number of square miles in the county. Population data come from the U.S. Census Bureau’s 
website. GDD and Precipitation represent the number of growing degree days, and inches of precipitation in 
an associated crop’s region from May through October of a given year, respectively. Meteorological data 
come from weatherunderground.com. *, **, and *** indicate the correlations are significant at the 10 percent, 
5 percent, and 1 percent levels, respectively.  

 

 GDD Corn 
Yield 

Soybeans 
Yield Deposits Branches Price of 

Corn 
Price of 

Soybeans 
Population 

Density 

Corn 
Yield 0.028**        

Soybeans 
Yield 0.062*** 0.779***       

Deposits –0.014 0.021* –0.007      

Branches –0.017 0.042*** 0.004 0.941***     

Price of 
Corn 0.106*** –0.069*** –0.012 0.012 0.008    

Price of 
Soybeans 0.084*** –0.006 –0.136*** 0.013 0.008 0.485***   

Population 
Density 0.010 0.017 0.003 0.507*** 0.586*** 0.003 0.003  

Precip. 0.097*** 0.082*** 0.101*** –0.021* –0.016 –0.007 –0.063*** 0.008 
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Table IV 
Univariate Tests of Corn and Soybean Yields Using a Two-Way Sort 

Each cell of the grid below contains the average corn (top) and soybean (bottom) yield for year and deposit 
quintiles. Crop yields data come from the National Agricultural Statistics Service’s (NASS) website, which is 
affiliated with the United States Department of Agriculture (USDA). Difference represents the difference 
between the average yields associated with the highest and lowest levels of deposits for a given year (right 
column), or the difference between the average yields associated with the earliest and latest years for a given 
deposit quintile (bottom row). We use two-tailed t-tests to examine the differences in means. *, **, and *** 
indicate these differences are significant at the 10 percent, 5 percent, and 1 percent levels, respectively.  

 

 Deposits: Low to High Difference 
(High – Low) 

2000 
114.6 128.6 135.9 138.5 134.3 19.7*** 

32.8 36.5 40.2 39.7 39.1 6.2*** 

2001 
117.0 127.3 134.2 133.7 130.4 13.4*** 

36.0 38.6 40.1 40.2 39.0 3.0*** 

2002 
105.6 117.0 122.0 121.1 115.2 9.6*** 

32.9 37.2 38.9 39.0 38.0 5.1*** 

2003 
114.5 122.8 130.5 137.4 138.0 23.5*** 

32.3 30.9 32.8 33.8 32.2 -0.1 

2004 
134.0 148.0 154.4 155.9 151.0 17.0*** 

37.0 40.8 43.4 44.0 42.6 5.6*** 

2005 
125.2 136.9 140.2 142.8 140.8 15.6*** 

40.2 42.7 44.2 43.9 43.7 3.5*** 

2006 
117.2 130.5 140.4 146.5 147.3 30.1*** 

39.0 41.1 43.8 45.1 44.9 5.9*** 

Mean 118.3 130.2 136.8 139.4 136.7  

35.7 38.3 40.5 40.8 39.9  

Difference 
(2006 – 2000) 

2.6 1.9 4.5** 8.0*** 13.0*** 10.4*** 

6.2*** 4.6*** 3.6*** 5.4*** 5.8*** –0.3 
 



38 

Table V 
Individual Regressions for Corn and Soybeans 

This table presents OLS regression results based on county-year-crop observations. The dependent variable is 
crop yield, measured in bushels per acre. We separately winsorize corn and soybean yields at 1% and 99%. 
Panel A uses corn yield as the dependent variable, and Panel B uses soybeans yield as the dependent variable. 
Regression (1) includes no geographical fixed effects; Regression (2) includes state dummy variables; 
Regression (3) includes county fixed effects. Low Deposits is a dummy variable equal to one if the level of 
bank deposits in a given county falls into the bottom quintile of all county-level bank deposits for a given 
year, and zero otherwise. Ethanol Period is an indicator variable equal to one if the yield is harvested during 
the ethanol boom period (2005 and 2006), and zero otherwise. Population Density is equal to the county 
population for a given year divided by the number of square miles in the county. Precipitation and GDD 
represent the inches of precipitation, and number of growing degree days in an associated crop’s region from 
May through October of a given year, respectively. The standard errors are robust to heteroskedasticity, and 
we cluster them at the county level. *, **, and *** indicate the regression coefficients are significant at the 10 
percent, 5 percent, and 1 percent levels, respectively. P-values are in parentheses.  
 

Panel A – Determinants of Corn Yields  
 (1) (2) (3) 
Low Deposits · Ethanol Period –3.595** –4.046*** –6.145*** 
 (0.024) (0.006) (0.000) 
Low Deposits –6.802** –0.381 1.937 
 (0.014) (0.866) (0.428) 
Ethanol Period 6.766*** 7.535*** 9.116*** 
 (0.000) (0.000) (0.000) 
Ethanol County 14.708*** 9.578*** – 
 (0.000) (0.000) ( – ) 
Ln Population Density 3.894*** 1.584** –7.445 
 (0.000) (0.016) (0.548) 
Ln Precipitation 7.045*** 1.984** 11.273*** 
 (0.000) (0.047) (0.000) 
Ln GDD 6.132 –1.963 –18.818*** 
 (0.119) (0.594) (0.000) 
Constant 42.029 130.446*** 274.278*** 
 (0.173) (0.000) (0.000) 
    
N 6,608 6,608 6,608 
Adjusted R2 0.113 0.344 0.650 
State Dummies?  No Yes No 
County Fixed Effects? No No Yes 

 
Panel B – Determinants of Soybeans Yields  

 (1) (2) (3) 
Low Deposits · Ethanol Period –0.656 –0.642 –1.514*** 
 (0.218) (0.191) (0.001) 
Low Deposits –1.309 –0.043 1.908** 
 (0.107) (0.945) (0.022) 
Ethanol Period 4.947*** 4.925*** 5.249*** 
 (0.000) (0.000) (0.000) 
Ethanol County 3.971*** 2.544*** – 
 (0.000) (0.000) ( – ) 
Ln Population Density 0.983*** –0.089 –4.674 
 (0.000) (0.620) (0.230) 
Ln Precipitation 2.291*** 0.618** 3.511*** 
 (0.000) (0.030) (0.000) 
Ln GDD 2.559** 2.637** 0.497 
 (0.247) (0.012) (0.540) 
Constant 5.677 14.802* 42.671** 
 (0.563) (0.074) (0.018) 
    
N 6,241 6,241 6,241 
Adjusted R2 0.126 0.390 0.614 
State Dummies?  No Yes No 
County Fixed Effects? No No Yes 
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Table VI 
Pooled Regressions for Corn and Soybeans 

This table presents pooled OLS regression results based on county-year-crop observations. The dependent 
variable is crop yield, measured in bushels per acre. We separately winsorize corn and soybean yields at one 
percent. We employ three different measures of Finance in this table.  Regressions (1), (2), and (3) use the 
following measure of access to finance: a dummy variable equal to one if the level of bank deposits in a given 
county falls into the bottom quintile of all county-level bank deposits for a given year, and zero otherwise. 
Regression (1) has no geographic fixed effects; Regression (2) includes state dummy variables; Regression 
(3) includes county fixed effects. Regression (4) measures finance with the standardized log of the sum of all 
deposits held within banks insured by the Federal Deposit Insurance Corporation (FDIC) for a given county 
and a given year, in thousands of dollars. Regression (5) measures finance by the standardized log number  of 
bank branches insured by the FDIC for a given county and a given year. Corn is a dummy variable equal to 
one if the given yield is that of a corn crop, and zero if the yield is that of a soybean crop. Ethanol Period is 
an indicator variable equal to one if the yield is harvested during the ethanol boom period, and zero 
otherwise. We define the ethanol boom period as 2005 and later. Population Density is equal to the county 
population for a given year divided by the number of square miles in the county. Population data come from 
the U.S. Census Bureau’s website. Precipitation and GDD represent the inches of precipitation, and number 
of growing degree days in an associated crop’s region from May through October of a given year, 
respectively. The standard errors are robust to heteroskedasticity, and we cluster them at the county level. *, 
**, and *** indicate the regression coefficients are significant at the 10 percent, 5 percent, and 1 percent 
levels, respectively. P-values are in parentheses.  
 

Finance is measured by: Low deposits dummy  Ln(Deposits) Ln(Number of 
bank branches) 

 (1) (2) (3)  (4) (5) 
Corn · Finance · Ethanol Period -2.450* –2.654** –2.368*  0.625 0.943** 
 (0.074) (0.048) (0.100)  (0.176) (0.041) 
Corn · Finance -13.791*** –13.616*** –12.829***  5.048*** 4.349*** 
 (0.000) (0.000) (0.000)  (0.000) (0.000) 
Corn · Ethanol Period 2.105*** 2.097*** 1.961***  1.361*** 1.657*** 
 (0.000) (0.000) (0.000)  (0.002) (0.000) 
Corn 94.569*** 94.715*** 95.497***  92.022*** 91.931*** 
 (0.000) (0.000) (0.000)  (0.000) (0.000) 
Finance · Ethanol Period -0.956* –1.052** –2.844***  0.670*** 0.528*** 
 (0.067) (0.033) (0.000)  (0.000) (0.001) 
Finance 2.916** 6.825*** 8.834***  –1.208 –2.482** 
 (0.020) (0.000) (0.000)  (0.301) (0.023) 
Ethanol Period 4.766*** 5.169*** 6.308***  5.083*** 4.934*** 
 (0.000) (0.000) (0.000)  (0.000) (0.000) 
Ethanol County 9.481*** 6.139*** –  5.984*** 6.229*** 
 (0.000) (0.000) ( – )  (0.000) (0.000) 
Ln Population Density 2.526*** 0.872** –4.484  –0.108 0.997 
 (0.000) (0.036) (0.539)  (0.907) (0.252) 
Ln Precipitation 4.879*** 1.530** 7.596***  13.518*** 1.567** 
 (0.000) (0.017) (0.000)  (0.000) (0.016) 
Ln GDD 4.617* 0.344 –9.889***  0.010 0.328 
 (0.073) (0.884) (0.000)  (0.947) (0.889) 
Constant -26.712 23.931 109.085***  3.754 24.788 
 (0.186) (0.199) (0.001)  (0.743) (0.190) 
       
N 12,849 12,849 12,849  12,849 12,849 
Adjusted R2 0.790 0.833 0.888  0.833 0.832 
State Dummies?  No Yes No  Yes Yes 
County Fixed Effects? No No Yes  No No 
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Table VII 
Regressions Including Deposits in Contiguous Counties 

This table presents pooled OLS regression results based on county-year-crop observations. The dependent 
variable is crop yield, measured in bushels per acre. We separately winsorize corn and soybean yields at one 
percent. Regression (1) has no geographic fixed effects; Regression (2) includes state dummy variables, 
Regression (3) includes county-fixed effects,. Low Deposits is a dummy variable equal to one if the level of 
bank deposits in a given county falls into the bottom quintile of all county-level bank deposits for a given 
year, and zero otherwise. Corn is a dummy variable equal to one if the given yield is that of a corn crop, and 
zero if the yield is that of a soybean crop. Ln Deposits represents the sum of all deposits held within banks 
insured by the Federal Deposit Insurance Corporation (FDIC) for a given county and a given year, measured 
in thousands of dollars, logged and standardized to be mean-zero, unit-variance. Ethanol Period is an 
indicator variable equal to one if the yield is harvested during the ethanol boom period (2005 or later), and 
zero otherwise. Population Density is equal to the county population for a given year divided by the number 
of square miles in the county. Precipitation and GDD represent the inches of precipitation, and number of 
growing degree days in an associated crop’s region from May through October of a given year, respectively. 
The standard errors are robust to heteroskedasticity, and we cluster them at the county level. *, **, and *** 
indicate the regression coefficients are significant at the 10 percent, 5 percent, and 1 percent levels, 
respectively. P-values are in parentheses.  
 

 (1) (2) (3) 
Corn · Low Deposits · Ethanol Period –2.600* –2.870* –2.745* 
 (0.089) (0.055) (0.080) 
Corn · Low Contiguous Deposits · Ethanol Period –0.793 –0.440 –0.563 
 (0.682) (0.816) (0.768) 
Corn · Low Deposits –12.867*** –12.722*** –11.317*** 
 (0.000) (0.000) (0.000) 
Corn · Low Contiguous Deposits –2.231 –2.319 –3.570** 
 (0.179) (0.161) (0.030) 
Corn · Ethanol Period 2.038*** 1.992*** 1.794*** 
 (0.000) (0.000) (0.001) 
Corn 94.907*** 95.062*** 96.040*** 
 (0.000) (0.000) (0.000) 
Ethanol Period 4.837*** 5.129*** 6.335*** 
 (0.000) (0.000) (0.000) 
Low Deposits · Ethanol Period –0.769 –1.185** –2.777*** 
 (0.174) (0.031) (0.000) 
Low Contiguous Deposits · Ethanol Period 0.110 0.525 0.588 
 (0.873) (0.421) (0.468) 
Low Deposits 2.389** 6.586*** 8.177*** 
 (0.043) (0.000) (0.000) 
Low Contiguous Deposits 1.319 0.014 1.177 
 (0.106) (0.987) (0.300) 
Ethanol County 9.478*** 6.170*** – 
 (0.000) (0.000) ( – ) 
Ln Population Density 2.543*** 0.789* –3.421 
 (0.000) (0.066) (0.640) 
Ln Precipitation 4.893*** 1.541** 7.571*** 
 (0.000) (0.017) (0.000) 
Ln GDD 4.625* 0.274 –10.054*** 
 (0.073) (0.908) (0.000) 
Constant –27.103 24.841 105.745*** 
 (0.181) (0.186) (0.002) 
    
N 12,849 12,849 12,849 
Adjusted R2 0.790 0.833 0.888 
State Dummies?  No Yes No 
County-Fixed Effects? No No Yes 
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Table VIII 
Regressions with Planted Acreage Proxying for Productivity 

This table presents pooled OLS regression results based on 12,849 county-year-crop observations. The 
dependent variable is planted acreage. Regression (1) includes no geographical dummy variables; Regression 
(2) includes state dummy variables; Regression (3) includes county fixed effects. Corn is a dummy variable 
equal to one if the given acreage is that of a corn crop, and zero if the acreage is that of a soybean crop. 
Deposits represents the sum of all deposits held within banks insured by the Federal Deposit Insurance 
Corporation (FDIC) for a given county and a given year, measured in thousands of dollars. Ln Deposits 
represents the natural log of Deposits. We standardized this variable to follow a mean-zero, unit-variance 
distribution.  Ethanol Period is an indicator variable equal to one if the acreage is planted during the ethanol 
boom period, and zero otherwise. We define the ethanol boom period as 2005 and later. Population Density is 
equal to the county population for a given year divided by the number of square miles in the county. 
Precipitation and GDD represent the inches of precipitation, and number of growing degree days in an 
associated crop’s region from May through October of a given year, respectively. The standard errors are 
robust to heteroskedasticity, and we cluster them at the county level. *, **, and *** indicate the regression 
coefficients are significant at the 10 percent, 5 percent, and 1 percent levels, respectively. P-values are in 
parentheses.  

 
 (1) (2) (3) 
Corn · Low Deposits · Ethanol Period –2,747** –3,017** –3,227*** 
 (0.039) (0.019) (0.004) 
Corn · Low Deposits 567 1,249 3,420 
 (0.844) (0.622) (0.240) 
Corn · Ethanol Period 3,587*** 3,425*** 3,311*** 
 (0.000) (0.000) (0.000) 
Corn 412 941 2,758* 
 (0.780) (0.519) (0.063) 
Low Deposits · Ethanol Period 777 1,768 2,025** 
 (0.591) (0.203) (0.027) 
Low Deposits –40,930*** –37,325*** –596 
 (0.000) (0.000) (0.720) 
Ethanol Period 153 –2,470*** –765** 
 (0.851) (0.005) (0.046) 
Ethanol County 44,562*** 33,143*** – 
 (0.000) (0.000) ( – ) 
Ln Population Density –5,573*** –3,325** –23,693*** 
 (0.000) (0.031) (0.000) 
Ln Precipitation 4,360** 1,883 –158 
 (0.026) (0.341) (0.216) 
Ln GDD –9,385 17,069** –1,693*** 
 (0.153) (0.027) (0.002) 
Constant 155,286*** –55,482 181,836*** 
 (0.004) (0.373) (0.000) 
    
N 12,849 12,849 12,849 
Adjusted R2 0.141 0.342 0.864 
State Dummies?  No Yes No 
County-Fixed Effects? No No Yes 
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Table IX 
Productivity Regressions with Bank Branch Deregulation and Corn Syrup 

This table presents pooled OLS regression results based on 724 state-year-crop observations from 1972-2002. 
The dependent variable is average yield per acre. We separately winsorize corn and soybean yields at 1% and 
99%. Deregulation represents a dummy variable equal to one in years following the allowance bank 
branching via merger and acquisition through the holding company structure, and zero otherwise. Corn Syrup 
represents a dummy variable equal to one in the years following Coca-Cola and PepsiCo’s transition from 
sugar glucose to high fructose corn syrup, and zero otherwise. Coca-Cola and PepsiCo switched to corn syrup 
in 1985. The standard errors are robust to heteroskedasticity. *, **, and *** indicate the regression 
coefficients are significant at the 10 percent, 5 percent, and 1 percent levels, respectively. P-values are in 
parentheses.  
 

Corn · Deregulation · Corn Syrup 22.260* 
 (0.079) 
Corn · Deregulation  –21.575 
 (0.111) 
Corn · Corn Syrup 17.755*** 
 (0.000) 
Corn  63.909*** 
 (0.000) 
Deregulation · Corn Syrup –10.065* 
 (0.077) 
Deregulation  11.637* 
 (0.054) 
Corn Syrup 9.041** 
 (0.014) 
Constant 37.115*** 
 (0.000) 
  
N 724 
Adjusted R2 0.934 
Year Dummies? Yes 
State Dummies? Yes 
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Table X 
Ethanol Production as a Function of Access to Finance 

This table presents regression results based on 926 county-level observations for 2006. Regression (1) is a 
probit regression in which the dependent variable is a dummy variable equal to one if a given county has an 
ethanol plant as of 2006, or has an ethanol plant under construction or planned for expansion. Regressions (2) 
through (4) are OLS regressions. The dependent variable of Regression (2) is the log of a given county’s 
ethanol production capacity in place as of 2006. The dependent variable of Regression (3) is the log of a 
given county’s ethanol production capacity under construction or planned for expansion as of 2006. The 
dependent variable of Regression (4) is the log of the sum of a given county’s ethanol production capacity in 
place as of 2006 and ethanol production capacity under construction or planned for expansion as of 2006. 
Low Deposits is a dummy variable equal to one if the level of bank deposits in a given county falls into the 
bottom quintile of all county-level bank deposits for a given year, and zero otherwise. Population Density is 
equal to the county population for 2006 divided by the number of square miles in the county. The standard 
errors are robust to heteroskedasticity. *, **, and *** indicate the regression coefficients are significant at the 
10 percent, 5 percent, and 1 percent levels, respectively. P-values are in parentheses.  

 
Dependent variable is: Ethanol plant 

dummy 
Ln(Production 

capacity in place) 
Ln(Planned 

capacity) 
Ln(Planned plus 

in-place capacity) 
  (1) (2) (3) (4) 

Low Deposits  –0.674*** –0.211*** –0.213*** –0.401*** 
  (0.000) (0.001) (0.001) (0.000) 
Population Density  –3.590 · 10–5 2.620 · 10–6 –2.910 · 10–5* –2.170 · 10–5 
  (0.679) (0.931) (0.062) (0.463) 
Constant  –1.081*** 0.303*** 0.317*** 0.570*** 
  (0.000) (0.000) (0.000) (0.000) 
      
N  926 926 926 926 
Psuedo- or Adjusted- R2  0.025 0.007 0.007 0.014 

 
 
 


