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State average corn yields in the Midwest have had a strong upward trend due to a number of 
factors, including private and public corn research and improved agronomic practices and 
management, but year-to-year variation in weather and pest outbreaks have introduced some 
sharp breaks in the annual state average yield series. This paper models state average corn yields 
as a generalized Cobb-Douglas production function that has variable production elasticities. The 
main variable input is the average nitrogen fertilizer application rate, which is widely believed to 
be one of the important contributors to rising corn yields over the past half century. Grain yields 
are also affected by technology and weather. The technology indicators include public within 
state and spillin corn research, GM corn variety adoption rate and trend.  Weather indicators are 
the length of the growing season, excess heat units, and a moisture stress. Econometric models of 
mean and stochastic frontier state average corn yield functions are considered.   In addition, we 
test the hypothesis that the nitrogen fertilizer elasticity of state average corn yields is a function 
of weather and technology. The parameters of the production function are estimated from state 
level data for eight Midwestern States from 1964-2012. The main results are developed from the 
preferred stochastic frontier production function.  
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Introduction 

Understanding crop yields is important to feeding the world (Alston et al. 2010). The 

U.S. Midwest is the center of unirrigated crop production in the United States, and one of the 

world leaders in using new technology to increase corn yields. Hence, it is not surprising that 

state average corn yields in the Midwest have had a strong upward trend, but year-to-year 

variation in weather and pest outbreaks have introduced some sharp breaks in the annual state 

average yield series. As in Huffman (1974) and Xu et al (2013), the main variable input is the 

nitrogen fertilizer application rate, which is widely believed to be one of the important 

contributors to rising corn yields over the past half century. Nitrogen fertilizer application rates 

on corn increased steadily from the mid-1950s to 1980 and then leveled off.  

Average corn yields also are affected by both weather and technology.1 The technology 

indicators in this study are a combination of public corn research, genetically modified (GM) 

corn hybrid  adoption rate and trend. The weather indicators are a combination of state average 

effective length of growing season represented by accumulated-growing-degree days (Neild and 

Newman 1990), excess-heat units represented by overheating-degree days (Schlenker and 

Roberts 2009), and a moisture stress indicator represented by Palmer’s Z index (Palmer 1965). 

Moreover, these state average weather variables are constructed from county level weather data. 

Each county has a different weight—a county’s share of a state’s harvested corn acres in 1987. 

These harvested acres data are from the 1987 Census of Agriculture, and represent a mid-period 

year in the study period (U.S. Dept of Commerce 1989).  

                                                           
1 An earlier paper by Huffman, Jin and Lenell (2013) estimating stochastic-frontier state average corn yield 
functions did not include nitrogen fertilizer or weather variables. We thank Zheng Xu for making his data available 
on county average weather variables and state average GM corn adoption rates and corn nitrogen application rates. 
Also, in Xu et al. (2013) county average yields are modeled as a simple production function that is linear in the 
variables, including average corn yields and nitrogen application rates.  
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The Cobb-Douglas production provides a plausible structure for the technical relationship 

between state average corn yields and state average nitrogen fertilizer application rates, e.g., a 

positive but diminishing marginal product. We believe that it is better representation of the 

relationship between state average corn yields, nitrogen fertilizer use and weather than the 

strictly linear in the variables model of Xu et al. (2013). In addition, the nitrogen fertilizer 

elasticity of corn yields need not be a constant; it can vary with these other factors.  This is 

accomplished by creating interaction terms between ln(N) and the technology and/or weather 

variables.  

Two econometric models of the state average corn production function are proposed, and 

they are nested one within another. The mean frontier model is a special case of the stochastic-

frontier model. In the usual econometric specification of a production function, a number of 

individually small excluded factors are aggregated into a single random symmetrically 

disturbance random disturbance term, but in a stochastic frontier function, the impact of these 

factors are summarized in two random disturbance terms—one symmetric and another that is 

asymmetric. The asymmetric effects on corn yields are associated with unusual weather or pest 

events, e.g., extremely bad weather causes a larger drop in corn yields than extremely good 

weather increases corn yields (Crosbie et al., 2006).  

Technology is factored in through public (productivity-oriented) corn research, the GM 

seed corn adoption rate and trend. Early public corn research by the USDA and state agricultural 

experiment stations developed inbred corn lines and new hybrids, but by the 1980s, this activity 

had been taken over largely by private seed companies (Huffman and Evenson 1993). However, 

the public sector continues to engage in general scientific and maintenance research that we 

hypothesize contributes to state average corn yields.   
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A new era in corn variety development was ushered in by the development and release of 

new GM corn varieties in 1997 (Crosbie et al., 2006). Initially, varieties were either herbicide 

tolerant (to Roundup) or insect resistant (primarily to the European corn borer), but later these 

traits were stacked together. Further varietal developed led to an insect resistance trait to the corn 

rootworm, a perennial pest in intensive corn growing areas, and it was added to make a triple-

trait stack. Higher frequency GM stacks have been available to farmers in the Midwest for 

several years.  The plant protection embedded in the seed may be more effective in controlling 

pests, and thereby protecting potential yield, than the chemicals they replaced (Fernandez-

Cornejo 2012, Ma et al., 2009; Xu et al., 2013). Farmers may also apply higher rates of nitrogen 

fertilizer in response to the new technology, and our Cobb-Douglas production function permits 

this to occur.  

The main objective of this paper is the estimate a state average corn yield function 

focusing on the effects of technology on yields while controlling for several different dimentions 

of local weather conditions. The non-irrigated Midwestern states, 1964-2012, provide data for 

estimating the parameters of the state average frontier corn yield function. This area includes 

core Central Corn Belt states of Iowa, Illinois and Indiana, and the non-irrigated "immediate" 

fringe states of Minnesota, Wisconsin, Michigan, Ohio and Missouri (Xu et al., 2013).2 The 

study starts in 1964 because this is the first year that the USDA provided annual state average 

nitrogen fertilizer application rates to corn and because the early 1960s starts the transition from 

double-cross corn hybrids to single crosses, which on average yielded better (Duvick 1984). By 

1979, 88 percent of the commercial hybrid seed was single crosses (Zuber and Darrah 1980).   

                                                           
2 Fringe states of Nebraska, South Dakota and Kansas and other more distant western or southern states are more 
likely to use irrigation techniques and are excluded for this reason.   
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The study period ends in 2012 because this is the most recent year for which data are available. 

The total length of the study period is 48 years, which is almost a half-century.  

Insightful graphs of state average corn yields over time will be presented.  In addition to 

estimated parameters of the C-D production function, the marginal production of nitrogen on 

state average corn yields will be examined. Also, some agricultural science policy implications 

will be developed. 

Background 

Over the pre-GM crop revolution, Duvick (1992) estimated that roughly 50 percent of the 

increase in corn yields was attributed to genetic improvement, with the remaining half attributed 

to improved agronomic practices (Cardwell 1982).  Furthermore, Tollenaar and Lee (2002) 

argued that neither genetic improvement nor agronomic practices have individually contributed 

to the improvements in corn yields, but the improvement is attributed to the interaction of 

genotype×management.  While they found little evidence to support their hypothesis of increased 

stress tolerance providing increases in corn yields, the continued improvement of hybrid corn 

varieties has undoubtedly played a significant role in this six fold improvement in average corn 

yields from 1930s to present (Duvick 2005).  However, adverse weather remains a factor 

affecting non-irrigated corn yields, and weather variability is expected to increase with future 

climate change.    

  Figure 1 plots state average corn yields for Iowa, Indiana, Illinois, and Ohio over the 

period 1951 to 2011.  It shows a strong upward trend in state average corn yields over this 

period, but significant year-to-year variability in average corn yields exist. Less variability 

existed before 1980 than later. Some attribute part of the added variability starting in the 1980s 

to the growing similarity of corn varieties planted across the relatively homogeneous Midwestern 

https://www.crops.org/publications/cs/articles/47/Supplement_3/S-202#ref-6
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states (Duvick 1989, Crosbie et al., 2006).  For example, trends in state average corn yields are 

similar across Iowa, Illinois, Indiana, and Ohio.  Furthermore, the close proximity and similar 

soil structures results in similar effects from weather conditions.  The low inter-annual variability 

in weather from the 1950s to early 1970s, often referred as the “benign climate,” resulted in low 

variability in corn yields during this time period.  Additionally, the unfavorable weather patterns 

of the drought of 1954-55 the drought;  wet spring, dry summer and early freeze of 1974; 

droughts of 1980, 1983, and 1988; and floods of 1993 and 2002, reduced corn yields 

significantly in two-to-four of the states in figure 1.  

  An alternative interpretation suggested by Naylor et al. (1997) is that higher volatility is 

due to farmers nearing potential corn yield ceilings, which results in “bad” weather years 

reducing yields more significantly than “good” weather increasing yields.  In addition, Schlenker 

and Roberts (2006) report that adverse weather frequently has nonlinear effects on corn yields, 

e.g., increasing frequency of high temperatures excess of 30˚C causes an unusually large 

decrease in corn yields.  

 A new era of hybrid corn variety developed with initiated by the GM revolution. Private 

seed companies first released these new hybrids in 1997, and the initial rate of adoption was slow 

but varied across Midwestern States. Farmers in Minnesota, Iowa and Missouri were the early 

leaders and by 2011, 32-36 percent of planted corn acres in these states were with GM hybrid 

corn varieties (figure 2). While in the other five states, adoption of GM corn hybrids was slower 

and similar. By 2001, only 11-18 percent of planted corn acres were planted to GM hybrids. GM 

corn hybrid adoption rates started to accelerate in 2002-2003 across the region and by 2008, 

there was a convergence in GM corn adoption rates, ranging from 65-85 percent adoption (figure 

2). In 2012, the GM hybrid adoption rate was above 93 percent in all states except for Wisconsin, 
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which is somewhat atypical because of the large share of corn grown for silage to feed dairy 

cows (U.S. Dept of Commerce). 

A Generalized Cobb-Douglas Production Function 

 Consider the following generalization of the Cobb-Douglas production function 

                     ( ) ( )j
n f X g X

jj
Y A X e= Π                                                                                           (1) 

where ( )jf X  and ( )g X  are functions of X, which contains variable inputs, weather indicators, 

and technology indicators.  If ( )g X =0, then (1) is a Cobb-Douglas production function with 

variable elasticities of production (Ulveling and Fletcher 1970, DeJanvry 1972, Huffman 1974, 

Beattie and Taylor 1985, Chambers 1988). If ( )jf X = jβ , then (1) is the typical Cobb-Douglas 

production with constant input elasticity of production. The Cobb-Douglas production function 

imposes positive but diminishing marginal product of variable inputs. Also, the marginal product 

of each variable input depends on the use of all of the other variable inputs and on technology 

and weather indexes.  

To meet our research objectives, specialize equation (1) to 

2 3 4 5 6 7 8 9 10 11 12 13 14ln( ) ( 33)
0

s s sG t t t A A t Z t DY A N R S G E eβ β β β β β β β β β β β β δ+ + + + + − + + +Σ=                                  (2) 

where  

Y = state average corn yield 

N = state average nitrogen fertilizer application rate for corn 

R = within state stock of public corn research 

S = spill-in stock of public corn research 

G = state average accumulated growing degree days (GDDs), May through September 

E = state average accumulated excess-heat degree days, May through September 
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A= state GM hybrid corn adoption rate  

Z = state average water stress (Palmer’s Z) index over June, July and August 

t = trend 

t -33 ≥ 0 = trend in post-GM era 

Ds = dummy variable taking a value of 1 for state s and 0 otherwise, s = IL, IN, OH, MN, WI, 

MI and MS 

0 2 14, ,A β β−  and 's sδ are unknown parameters of the corn production function. 

 Soil nitrogen levels are a limiting factor to high corn yields (Hoeft et al., 2000), and a 

larger N is expected to increase state average corn yields. Corn has been shown to be quite 

responsive to nitrogen and commercial applications supplement naturally occurring soil nitrogen. 

Public sector corn research is one important source of discoveries and advances in science that 

are an integral part of private sector corn breeding but also discoveries of new pest management 

strategies agronomic practices for farmers. This research is undertaken by within-state, state 

agricultural experiment stations and USDA-ARS units, and by state agricultural experiment 

stations and ARS research units in other states. A larger R or S is expected to increase state 

average corn yields. 

 In 1997, GM corn varieties adapted to the Midwest were first marketed to farmers. They 

started to replace conventional single cross hybrids. These corn varieties were first genetically 

modified for a single GM trait, herbicide tolerance (to Roundup) or insect (European corn borer) 

resistance. Under further hybrid development, genes were stacked for both insect resistance and 

herbicide tolerance, a double stack. Later insect resistance was developed against the corn 

rootworm, leading to a triple stack. More recently, commercial hybrid corn varieties have been 
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developed that have six stacked traits (Fernandez-Cornejo 2012). Hence, we expect state average 

corn yields to increase as A, which takes values between 0 an 1, increases. 

 The growing corn plant, a biological organism, is sensitive to weather conditions, 

especially heat units and moisture stress.  One dimension of heat units is represented by the 

effective length of the growing season, measured as accumulated growing-degree days—heat 

unit-days within a range (50o-86oF) that is favorable to corn plant development and growth over 

May to September in the Midwest (Huffman 1974, Xu et al., 2013). Hence, an increase in G is 

expected to increase state average corn yields.  However, too much heat during the growing 

season, e.g., temperatures above 90oF, cause rapid corn plant transpiration and water loss relative 

to potential uptake, resulting in biological activity being dramatically curtailed. One indication is 

the corn leaves “roll up tightly” to reduce surface area contact to the hot air. These high 

temperatures also increase the probability that nighttime temperatures do not fall below 70oF, 

which precludes the corn plant taking a needed nighttime rest and getting ready for the next 

day’s work. The degree-days over 90oF are accumulated into “excess-heat-degree days” 

(Schlenker and Roberts 2009).  A larger E is expected to reduce state average corn yields.  

However, silt and clay loam soils can store  or inventory water, and Palmer’s Z index 

(Palmer 1965) is a widely used measure of (abnormal)  moisture stress. Although crops differ in 

water needs, the index is not conditioned by crop but is scaled in each area to be zero under 

normal moisture conditions. Positive numbers indicate water availability abundance (+5 being 

flood conditions) and negative values indicate water stress conditions (-2 or less represents 

drought conditions). We expect state average corn yields to respond positively to Z.     

 The traditional Cobb-Douglas production function has constant elasticity of production 

with respect to variable inputs, i.e., the percentage change in output, say bushels of shelled corn, 
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due a one percent change in a variable input, say nitrogen fertilizer is a constant between zero 

and one. In contrast, equation (1) has an elasticity of output with respect to nitrogen fertilizer 

input that is variable—it depends on the effective length of the growing season (lnG) and on 

trend (t). We expect larger lnG and A to increase the size of the elasticity of corn yields with 

respect to nitrogen input, i.e., 𝛽3 R and 𝛽4 are positive. 

 Public within-state and spillin corn research are expected to increase state average corn 

yields.3 However, to accommodate the shift in composition of public (productivity-oriented) 

corn research away from corn inbred line development toward more general science research and 

research on molecular biology, plant pathology, and entomology related to corn, we permit the 

average corn yield elasticity with respect to R and S to decline over time (t), i.e., 𝛽6 R and 𝛽8 are 

negative. 

 The time trend (t) represents other unmodeled factors that affect state average corn yields 

but that change slowly over time. This could be changes in some of the other inputs used in corn 

production, including mechanization and automation of planting and harvesting equipment, type 

of tillage practices, and labor input, but might also reflect changes in the techniques of corn plant 

breeding methods over time. 

 State fixed effects are included in the production function to represent state specific 

factors that don’t change over time or change marginally and that affect state average corn 

yields. This includes the topographical features of the agricultural land, the depth of topsoil, the 

type of subsoil, and the long-term climate (Barnes 1957). Moreover, they also capture state-

                                                           
3 Within-state public corn research public corn research (R) for state i in year t is constructed using trapezoidal 
timing weights over 15 years after a two-year gestation period. The within state public productivity-oriented corn 
research data are from Huffman (2012). The lag length is consistent with public research on corn having a relatively 
rapid impact on state average corn yields. Spillin public corn research (S) is the stock of public corn research from 
the other seven states in the study area. 
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specific unchanging features of corn technology, e.g., tendency to grow corn for grain versus 

silage.   

The Econometric Production Function  

 Consider a production function, F(X; β), which expresses the maximum amount of 

output (Y)  for the i-th state in year t obtainable from given input bundle (𝑋𝑖𝑡): 

( ;it itY F X=  β) + it itv µ− , i =1,….,n, t = 1,….,T,                                                     (3)                   

where itv   and  itµ   are random disturbance terms. If F(X; β) is linear in 𝛽𝑗𝑠, itµ is zero over all 

observations, i and t and itv  is independent and identically distributed normal with zero mean 

and constant variance [N(0, 𝜎𝑣2)], equation (3) is a linear regression model of mean output. The 

𝛽𝑗𝑠, can be estimated by least squares.   

In contrast, if itµ  represents effects on output (𝑌𝑖𝑡) that are asymmetric, such as unusually 

bad weather or pest infestations, then it can be represented by one-half of a symmetric 

distribution, e.g., normal N(0, 𝜎𝑢2) for 𝜇𝑖𝑡 ≥ 0, or the upper half of the normal distribution. 

Individual elements are assumed to be independent and identically distributed.4 The disturbance 

terms  𝑣𝑖𝑡 and 𝑢𝑖𝑡 are assumed to be independent of each other. Aigner, Lovell and Schmidt 

(1977) labeled this second model a stochastic frontier production function production.5 In 

addition, this development shows that if 𝜎𝑢2 = 0 for i and t, then the stochastic frontier 

production reduces to the mean frontier production function. This is a testable hypothesis. 

An index of proximity to the stochastic frontier corn yield function (PTSF) can be 

defined for state i in year t as:  

                                                           
4 An alternative, but somewhat more complex, distribution is the two-parameter gamma (Greene 1980). 
5 This approach is consistent with the conclusions of Moss and Shonkwiler (1993), Hennessey (2009) and 
Koundouri and Kourgenis (2011) that the distribution of aggregate annual corn yields is unlikely to be normal.  
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  exp( )it itPTSF µ= − .                   (4) 

If itµ  = 0, then itPTSF  = 1, and state i in year t is on the stochastic frontier; otherwise, as itµ  

becomes large, itPTSF becomes smaller reflecting a larger distance from the stochastic frontier or 

a  “falling away from the frontier.” An estimate of itPTSF is obtained by using the realized 

residuals .itµ
∧

  

 To obtain the econometric specification of the Cobb-Douglas production function, take 

the natural logarithm of equation (2) and add the disturbance terms, 𝑣𝑖𝑡 − 𝑢𝑖𝑡: 

ln (𝑌𝑖𝑡) = 𝛽1 + 𝛽2 ln(𝑁𝑖𝑡) + 𝛽3 ln(𝑁𝑖𝑡) ln(𝐺𝑖𝑡) + 𝛽4 ln(𝑁𝑖𝑡) 𝑡 + 𝛽5 ln(𝑅𝑖𝑡) + 𝛽6𝑡 ln(𝑅𝑖𝑡) 

                +𝛽7 ln(𝑆𝑖𝑡) + 𝛽8𝑡 ln(𝑆𝑖𝑡) + 𝛽9 ln(𝐺𝑖𝑡) + 𝛽10 ln(𝐸𝑖𝑡) + 𝛽11𝐴𝑖𝑡 + 𝛽12(𝑡 − 33)𝐴𝑖𝑡          

                +𝛽13𝑍𝑖𝑡 + 𝛽14𝑡 + ∑𝛿𝑠𝐷𝑠 + 𝑣𝑖𝑡 − 𝜇𝑖𝑡.                                                                       (5)                      

From (5) the following four variable corn yield elasticities, are of interest, for example, the 

percentage change in corn yield due to a 1 percent change in nitrogen fertilizer application: 

𝜕 ln (𝑌)/𝜕 ln (𝑁)  = 𝛽2 + 𝛽3 ln (𝐺) + 𝛽4𝑡                                                         (6) 

𝜕 ln (𝑌)/𝜕 ln (𝑅) = 𝛽5 + 𝛽6𝑡                                                                                                      (7) 

𝜕 ln (𝑌)/𝜕 ln (𝑆)  = 𝛽7 + 𝛽8𝑡                                                                                                      (8) 

𝜕 ln (𝑌)/𝜕ln (𝐺)  = 𝛽3 ln (𝑁) + 𝛽9 .                                                                                            (9) 

The following variable effects of GM adoption (A) and (t) trend on ln(Y) are of interest, for 

example, the percentage change in corn yield (Y) due to a 1 percentage point change in the GM 

hybrid adoption rate (A): 

𝜕ln (𝑌)/𝜕𝐴 = 𝛽11 + 𝛽12(𝑡 − 33)                                                                                            (10)                                                                                

𝜕ln (𝑌)/𝜕𝑡 = 𝛽4 ln(𝑁) + 𝛽6ln (𝑅) + 𝛽8 ln(𝑆) + 𝛽12𝐴 + 𝛽14.                                                (11)                       

Data and Additional Information on Empirical Definitions of Variables 
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The data on state average corn yields, 1964-2012, are taken from USDA-NASS statistics 

(USDA). They are in bushels of corn per acre for state i and year t. The data on nitrogen fertilizer 

application rate to corn in state i and year t are from USDA data, and missing values have been 

filled in by Xu et al. (2013) and Xu (2012). N is in pounds per acre per year.  

The stock of within state public corn research in state i and year t is constructed from 

constant dollar expenditures on productivity-oriented corn research by the USDA and state 

agricultural experiment stations (Huffman 2012). A majority of the data were collected by the 

USDA and achieved in its Current Research Information System (CRIS).  To create the stock of 

public corn research in state i and year t, we apply timing weights to past real research 

expenditures. Within the trapezoidal timing-weight family, we initially experimented with 

alternative total lag lengths of 15, 20, 25 and 35 years, including a 2-year gestation period with 

zero weights. The 15-year lag length performed the best—providing the largest value of the 

likelihood function.  The stock of public corn research (R) in state i and year t is constructed with 

the same 15-year maximum lag length. 

Public corn research conducted in one state is expected to spill over to new corn 

technology development in other states, especially those located in similar geo-climatic regions 

such as our study area (Huffman and Evenson 2006a,b). In this study, research public corn 

research conducted in any one of the eight-state in the study region is expected to spill over with 

roughly equal usefulness to the other seven states. Hence, 𝑆𝑖𝑡 = Σ𝑖=18 𝑆𝑖𝑡 - 𝑅𝑖𝑡, the stock of public 

corn research from the other seven states. 

The GM hybrid corn adoption rate (A) is the share of a state’s total planted corn acreage 

planted to GM hybrids. The data for 2000-2012 are from the USDA-NASS  (USDA), which are 

obtained from a random survey conducted each June concerning farmers’ GM varieties planted 
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that year.  However, the USDA did not survey farmers at the state level before 2000. To bridge 

the gap over 1997-1999, Xu (2012) has taken Monsanto’s data on GM corn varieties planted 

over 1996-2000 by state and spliced them together with the USDA’s state estimates in 2000.  

The three weather variables are constructed from monthly data at the county level on 

growing-degree-days, excess-heat units and moisture stress in each year. To obtain average 

accumulated growing-degree days (G) by state and year, we converted  Xu’s (Xu 2012) growing-

degree days at the county level by month, May to September, into a weighted average by state 

and month. The county level weights are a county’s share of a state’s harvested corn (for grain 

and seed) acres in 1987 (U.S. Dept of Commerce 1989). The value for G in state i and year t is 

then obtained by summed a state’s average growing-degree days by month over May to 

September. A similar methodology is used to obtain average excess-heat-degree days (E) by state 

and year. County level data on excess-heat-degree days by month from Xu (2012) are first 

converted into a weighted state average of excess-heat-degree days by month, using as weights a 

county’s share of a state’s harvested corn acres in 1987. The value of E in state i and year t is 

then obtained by summed a state’s average excess-heat-degree days by month over May to 

September.  

 The state monthly average water stress index is constructed from county level data for 

Palmer’s Z index (Palmer 1965) for June, July and August (U.S. Depart of Commerce). The 

county level data from Xu (2012) are first converted into a weighted average state Z index in 

months of June, July and August. Across the May-September period, moisture during these three 

months are most critical to Midwestern corn yields.  Z in state i and year t is obtained by 

summing the state average value of the Palmer’s Z index for June, July and August and then 
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dividing by three, to create an average moisture stress over the key months of the corn growing 

and development season.  

Empirical Results 

The econometric estimates of the parameters of the corn yield model are obtained from 

fitting equation (5) to data for the panel of eight Midwestern states, 1964-2012. Regression (1), 

table 2, is an estimate of the mean state average corn yield function and regressions (2) is an 

estimate of the stochastic frontier state averages corn yield function.  Both of these regressions 

include state fixed effects where the dummy variable for Iowa is excluded, so the reference 

model is the Iowa corn production function.  

Since the econometric model underlying regression (1) is nested within the production 

model for regression (2), we first consider some key results for regression (2). The estimate of 

𝜎𝑢2, the variance of the one-sided error term 𝑢𝑖𝑡, is 0.1204; its t-value is 13.84 and, hence, we 

reject the null hypothesis that the variance of this asymmetric error is zero at the 1 percent level 

and accept that it is positive.6 This implies that we also reject the mean frontier state average 

corn yield function (regression (1)) as the appropriate state average corn yield function. In 

addition, a larger number of estimated coefficients in regression (2) are significantly different 

from zero than for regression (1).  Thus, our analysis of the empirical results focuses on 

regression (2), the estimate of the stochastic frontier corn yield function where abnormal weather 

(and pest) conditions have asymmetric effects on state average corn yields in the Midwest. 

The interpretation of our estimates for regression (2) in table 2 is complicated by 

incorporation of a number interaction terms in equation (5). Hence, we first evaluate marginal 

                                                           
6 The estimate of 𝜎𝑣2, the variance of the symmetric error term in the frontier yield function, is positive as expected, 
0.0457. The null hypothesis that 𝜎𝑣2 = 0 is also reject. The sample value of the t-statistic is 8.86 and the critical value 
for a one-sided alternative is 1.96 at the 2.5% significance level. This outcome is expected because it is consistent 
with equation (5) being an econometric model with error.   
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effects represented  in equations (6)-(9) at the sample mean value of the relevant regressors. The 

nitrogen elasticity of state average corn yields is 0.050. A 10 percent increase in nitrogen 

fertilizer application (N) increases corn yields by 0.5 percent. The size of this effect decrease 

when accumulated growing-degree days (G) increases, but trend (t) increases its size. In addition, 

at the sample mean, the marginal product of nitrogen is 0.054 bu/lb. 

The within-state public-corn-research (R) elasticity of corn yields is slightly negative at 

the mean, -0.015. However, in 1964, at the start of the study period, this production elasticity 

was 0.049, and as expected, it declines over time (t), reflecting the de-emphasis of public 

research on corn varietal development and increase in general science of corn, its pests and 

environment (Huffman and Evenson 2006). The spillin-public-corn research (S) elasticity of corn 

production is 0.057.  In 1964, at the start of the study period, it was much larger, 0.395, and 

consistent with the within-state-public-corn research variable, its production elasticity declines 

over time. 

The growing-degree-days elasticity of corn yields is 0.121. This elasticity is reduced as 

the nitrogen fertilizer application rate increases, suggesting a type of decreasing responsiveness 

to higher nitrogen fertilizer application, or that nitrogen fertilizer and growing-degree days are 

alternative routes to higher corn yields, other things equal. Additional excess-heating-degree 

days reduce state average corn yields, as expected, and the production elasticity is -0.036, which 

is about one-third the absolute size of the corn yield elasticity due to growing-degree days. This 

result is counter to the finding by Schlenker and Roberts (2006), who reported larger negative 

marginal effects of excess-heating-degree days. However, increasing the soil moisture index (Z) 

by one (sample values range from -3 to 5.6) raises state average corn yields by 2.2 percent, 

which seems substantial.  
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Upon evaluating equation (10) at the sample mean, an increase in the GM corn hybrid 

adoption rate (A) by 10 percentage point increases state average corn yields by 2.0 percent, 

which is substantial. However, the marginal effects of trend after GM hybrids became available 

(t-33 ≥0) is to reduce state average yields by 2.4 percent. Given that the number of stacked GM 

traits in corn hybrids has been increasing since 1997, these results suggest that early GM hybrids 

with one or two traits had a larger marginal impact on state average corn yields than later corn 

varieties with a larger number of stacked traits.  Our final technology variable, trend (t) has five 

separate effects on state average corn yields, as seen in equation (11). Evaluating it at the sample 

mean of the regressors reveals a marginal effect of trend that is slightly negative, -0.003. The 

size of the trend effect on state average corn yields is increased by larger N applications but 

reduced by larger R, S, and/or A. This estimate of trend effects on state average corn yields 

cannot be compared to corn yield equations that have a simple exponential trend.  

We turn next to the estimated coefficients of the state dummy variables, which are 

estimates of an adjustment in the intercept (constant) in equation (5). There is no significant 

difference in the intercept for state average corn yields in Illinois compared to Iowa over the 

study period. For the other six states in the study region, the intercept for each of them is reduced 

by the state fixed effect. The state average corn yields in Indiana are 6.6 percent lower, in Ohio 

are 13.0 percent lower, in Minnesota are 9.3 percent lower, in Wisconsin are 11.6 percent lower, 

in Michigan are 29.3 percent lower and in Missouri are 17.1 percent lower than in Iowa (and 

Illinois). All of the estimated coefficients for the last six states are significantly different from 

zero at the 1 percent level. Hence, state fixed effects are a significant factor explaining 

differences in state average corn yields and the stochastic frontier corn yield function.  
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Figure 3 plots the yield efficiency index associated with regression (2) by state, 1964-

2012. Panel A presents the plots for the states of Iowa, Illinois, Indiana, and Ohio, and panel B 

presents the plots for the states of Minnesota, Wisconsin, Michigan and Missouri. The graphs in 

this figure show that realized state average corn yields are frequently within 98 percent of 

frontier state average yields. Unusually adverse events, largely weather, during 1974, 1980, 

1983, 1988, 1993 and 2002 result in realized state average corn yields being significantly below 

the stochastic frontier, for example, by roughly 30-40 percent in all states in 1988, a widespread 

very severe drought year.  In 1993, a year with a summer of major flooding in the Midwest, the 

state average corn yields in Iowa and Minnesota were 55 percent below the frontier, but state 

average corn yields in the other six study states were less severely affected.7  In 2002, adverse 

weather that struck Ohio caused a 30+ percent falling away from the yield frontier in that state, 

but other states were less adversely impacted. Looking across Panels A and B, a comparison of 

the 1997-2012 period with earlier years, for example, the period 1968-1996, suggests that state 

average corn yields have been generally closer to the frontier during the GM era than the pre-GM 

era.  Either the effects of adverse weather (and pests) have been reduced or weather (and pests) 

have been kinder during this latter period. We will need  more realizations of state average corn 

yields to be able to distinguish which scenario is likely to be the true state of the world.    

Conclusion 

This paper has provided evidence that a generalized Cobb-Douglas production function 

provides a relatively good model of state average corn yields. In addition, the econometric 

evidence favors the stochastic, rather than a mean, frontier Cobb-Douglas production function 

representation of state average corn yields over the last half-century.  Even after controlling for 

                                                           
7 We experimented with including a dummy variable taking a value of 1 for years in which GM hybrid corn varieties 
were available in sample states and zero otherwise. Although the sign of estimated coefficient for this variable was 
negative, it was not significantly different from zero and some of the other results were weaker. 
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three different dimensions of local weather conditions, we reject the null hypothesis that a single 

symmetric error term in the best specification of the econometric production function and accept 

the alternative hypothesis that the error consists of two parts, one symmetric and a second that is 

asymmetric. The asymmetric part represents the well-know asymmetric effects of extreme 

weather conditions on corn yields (Crosbie et al., 2006).  

In contrast to constant input elasticity of output in the traditional Cobb-Douglas, we find 

evidence that the nitrogen fertilizer elasticity of state average corn yields is a function of weather 

and technology. The nitrogen input elasticity of state average corn yields varies negatively with 

accumulated-growing degree days but positively with trend. The marginal impact of public corn 

research  on realized state average corn yields has been declining over time—a reflection of the 

de-emphasis by public agricultural research on development of inbred corn lines that could be 

used by the private sector to develop new hybrid corn varieties and greater emphasis on basic 

corn research and associated environmental and resource issues. Realized state average corn 

yields have been on average closer to the stochastic frontier during the GM-corn era than earlier, 

and one possibility is that this is due to the grain yields of new GM corn hybrids being less 

sensitive to extreme weather and pest events.  

The adoption of GM corn hybrids has significantly increased state average corn yields, 

but our estimate is that the marginal impact of new GM-hybrid corn varieties has been declining 

as the era progresses.  This significantly reduces the estimated impact of GM corn varieties in 

2012, even with more than 90 percent adoption.  

The impact of spillin-public corn research on state average corn yields is significantly 

larger than the within-state impact. To properly capture these positive spillover effects in funding 

decision on public corn research, decisions need to be coordinated at the Midwest regional level. 
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Each state has an incentive to focus on the private good dimension and to ignore the positive 

impact that its corn research has on state average corn yields in other Midwestern states. 

 With an anticipated increase in weather variability due to future climate change, we 

expect improved performance in estimated state average yield functions using stochastic frontier 

rather than average frontier methods, even when several dimensions of local weather conditions 

are used to explain realized state average corn yields.   
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Figure 1. State Average Corn Yields (bu/ac): Iowa, Illinois, Indiana and Ohio, 1951-2011 

 

 

                 Source: USDA, NASS 2012 
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 Figure 2. GM Corn Adoption Rates: Iowa, Illinois, Indiana, Michigan, Minnesota, Missouri, Ohio and Wisconsin, 
                 1997-2012 (for one or more traits) 

 
Source: USDA and Xu, et al. (2013) 
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Figure 3. Proximity of Realized State Average Corn Yields to the Stochastic Frontier Cobb-Douglas Yield Function, 1964-
2012. 
 
             Panel A: Iowa, Illinois, Indian and Ohio (using regression 2, table 2, and sample data)  
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    Panel B: Michigan, Minnesota, Missouri and Wisconsin (using regression 2, table 2, and sample data) 

 

 

40

50

60

70

80

90

100

1964 1968 1972 1976 1980 1984 1988 1992 1996 2000 2004 2008

MI MN MS WI



29 
 

Table 1. Variable Names, Brief Definitions, and Summary Statistics                                                                                _ 
 
Variables                             Definition                                                           Mean/Sd                  Minimum    Maximum 
 
ln(Y)                     State average corn yield     4.698/0.277               3.931            5.204 
 
ln(N)                    State average nitrogen fertilizer application rate               4.712/0.302           3.096            5.172 
 
ln(R)                    Within-state stock of public corn research                        0.450/0.714               -1.219            1.666 
 
ln(S)                     Spillin stock of public corn research                                 2.591/0.215                2.065            3.020 
 
A                          State average GM-hybrid corn adoption rate                     0.462                         0.050             0.930 
 
ln(G)                    State average accumulated growing-degree days,             7.909/0.120                7.567            8.162 
                                May through September 
 
ln(E)                    State average accumulated excess-heat degree days,         2.682/1.200              -1.310            5.456 
                                May through September 
 
Z                          State average moisture stress index, Palmer’s Z                0.285/1.233              -3.033            5.610 
                                   averaged over June, July and August        
 
t        Trend, 1-48                                                                       24.5                             1.0              48.0  
 
t - 33                     Trend starting in 1997 
_______________________________________________________________________________________________                  
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Table 2.Econometric Estimates of State Average Corn Yield Functions, 8 Midwestern 
States, 1964-2012 (Absolute value of t-ratios in parentheses) 
_____________________________________________________________________ 
Regressors              Mean Frontier                      Stochastic Frontier 
                      (1)                                            (2)                                            _ 
lnN              6.077                       2.450        
                                    (3.15)    (1.60)         
 
(lnN)•lnG           -0.761    -0.310          
             (3.08)                (1.59)         
 
(lnN)•t             0.0058                            0.0023                 
                (2.22)                   (1.38)         
 
lnR                         0.050          0.049          
            (1.39)    (1.97)         
 
(lnR)•t            -0.0017                                    -0.0026                   
           (1.77)                  (4.02)         
 
lnS             0.120        0.395          
           (0.07)               (3.69)           
 
(lnS)•t            -0.0041        -0.0138        
           (0.76)       (3.80)         
 
lnG            3.759                   1.581        
           (0.72)                  (1.72)      
 
lnE           -0.046    -0.036                  
                   (4.33)       (4.75)         
 
A             0.508           0.380          
           (3.51)       (4.34)         
 
A•(t-33)          -0.029                  -0.024        
           (2.72)                   (3.79)          
 
Z            0.031         0.022          
          (4.71)                  (4.18)               
 
 t            0.0055                               0.034         
           (0.39)                  (3.43)            
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Cont.   (1)               (2)              _ 
 
DIL            -0.001      0.002 
           (0.03)                   (0.12) 
 
DIN            -0.053      -0.066 
           (1.64)     (3.26) 
 
DOH            -0.118      -0.130 
           (3.43)                 (6.04) 
 
DMN            -0.055     -0.093  
            (1.38)                (3.69) 
 
DWI            -0.023      -0.116 
           (0.43)       (3.17) 
 
DMI            -0.202      -0.293 
           (3.49)      (8.19) 
  
DMS            -0.203     -0.171 
           (4.64)                 (6.17) 
 
Constant         -25.622                         -8.783                  
                      (2.79)                          (1.21)     
  
𝜎𝑣2                             0.0163                        0.0400   
       (8.77)    
   
𝜎𝜇2                             0.0            0.1151    
                (14.37)                          
 
R2           0.799         ----    
ln likelihood             -----                             334.13                            
 
_______________________________________________________________________                                                 
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