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The first case of glyphosate resistant weeds was documented in 1998, two years after the 
commercialization of genetically engineered, herbicide tolerant (HT) corn and soybeans. 
Currently, over 14 resistant weed species affect U.S. crop production areas. This study uses 
a novel two-stage, structural model to derive cost functions for pre-emergent and post-
emergent herbicide use. The parameters of the structural model are estimated using 
censored nonlinear full information maximum likelihood. Control functions from first-
stage regressions account for endogeneity of farmers’ profit-maximizing decisions. The 
results of the analysis are used to determine the extent to which resistance has eroded the 
benefits associated with glyphosate applications in HT production systems. Our 
preliminary results suggest that glyphosate resistance may have decreased weed control by 
as much as 11 percentage points from 2005 to 2010.  
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Introduction 

The growth regulating active ingredient 2,4-D was patented in the early 1940’s (Peterson, 

1967). Its post-war commercialization as a selective, post-emergent herbicide transformed 

domestic weed management practices and ushered in the modern era of chemical weed control. 

Glyphosate was synthesized and patented in 1970 (Franz, Mao, and Sikorski 1997). It could be 

used as post-emergent herbicide, but only carefully, due to its toxicity and non-selectivity.  

Genetically engineered, herbicide tolerant (HT) crops were commercialized in 1996. Once 

HT crops were commercialized, post-emergence glyphosate use increased dramatically. Though 

glyphosate accounted for only one percent of herbicide use in 1980, it accounted for over half of 

the pounds applied in 2008 (Fernandez et al. 2014a). Unfortunately, farmers’ reliance on 

glyphosate has led to the development of glyphosate-resistant weed populations. As of 2014, over 

14 glyphosate-resistant weed species have been identified in U.S. crop production areas (Heap, 

2015).  

This article uses a structural model of U.S. corn farmers’ weed control decisions to derive 

cost functions for pre-emergent and post-emergent herbicides. These cost functions are estimated 

using cross sections of nationally representative survey data collected in 2005 and 2010. The 

results are used to calculate a variety of estimates, including: the yield losses caused by weeds, the 

yield losses abated by pre-emergent and post-emergent glyphosate use, and the percent of weed 

control eroded by glyphosate resistance.  

 
Structural Models of Pest Control 

It is generally assumed that the marginal product of agricultural inputs is positive and decreasing. 

This is not the case for herbicides, which only prevent yield losses when weeds are present. 

Lichtenberg and Zilberman (1986) developed a structural framework that differentiates between 
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productive inputs (like fertilizer) and damage abating inputs (like herbicides) by specifying the 

production function such that    Y x G w , where   represents potential yields,   0,1G  is 

an abatement function (i.e. the percentage of potential output not damaged by infestations), x  is a 

vector of productive inputs, and w  is a vector of damage abating inputs. 

The damage abatement framework has a number of advantages. It produces intuitive 

estimates of yield losses, crop damages, and the percent of weeds killed by pesticides. More 

importantly, damage abatement models predict that resistance increases pesticide use. Evidence 

suggests that this is how farmers tend to behave in the field (Iowa State University Extension and 

Outreach, 2014). 

Empirical tests of damage abatement models have produced favorable results. Chambers 

and Lichtenberg (1994) compared the fit of a damage abatement and a generalized Leontief profit 

function using a non-nested hypothesis test. They found that the damage abatement model 

outperformed the generalized Leontief model. Saha et al. (1997) compared a Cobb-Douglas 

production function to three specifications of a damage abatement model in an analysis of Kansas 

wheat farms. They found that the damage abatement models outperformed the Cobb-Douglas 

production function on the basis of the Schwarz and the Akaike information criteria. Chambers 

and Tzouvelekas (2013) demonstrated that damage abatement models could accurately estimate 

the population dynamics of adult fruit flies in an analysis of Greek olive producers. 

 
 

Previous Studies of HT Seeds 

Few studies have used damage abatement models to analyze the impacts of HT adoption in the 

United States. However, the impacts of adoption have been studied using a variety of reduced-

form approaches. For instance, Fernandez-Cornejo et al. (2002) analyzed the impacts of HT 
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soybean adoption using data collected during the USDA’s 1997 Agricultural Resource 

Management Survey (ARMS). They found that HT soybean adoption had a small, statistically 

significant impact on yields, but a statistically insignificant impact on profits. Fernandez-Cornejo 

et al. (2005) employed a similar approach using ARMS data collected in 2000. They found that 

HT soybean adoption increased off-farm, but not on-farm, income. Nolan and Santos (2012) 

estimated a reduced form model of corn yields using data from US field trials. They did not find 

evidence that planting seeds with HT traits increased yields. 

To our knowledge, this is the first article to use the damage abatement framework to 

explicitly model the uncertainty induced by the timing of corn farmers’ weed control decisions. 

However, our primary contribution is to quantify the extent to which glyphosate resistance has 

affected the yields of U.S. corn farmers. Though field tests can indicate whether resistance has 

developed in field-level populations, the test we propose can be employed for large study regions. 

It can be administered wherever data about prices, field characteristics, and farmers’ production 

practices are collected. 

 
Conceptual Model 

If left uncontrolled, weeds compete with crops for space, sunlight, and nutrients. Farmers control 

weeds by applying a variety of herbicides ( ) during different stages ( t ) of the growing season. 

Prior to crop emergence, non-selective herbicides such as glyphosate can be applied. Post 

emergence, farmers that plant non-herbicide tolerant seeds must apply non-selective herbicides 

carefully or use selective herbicides that will not damage their crops.1 Our two-stage model reflects 

these stylized facts and the timing of U.S. corn farmers’ herbicide use decisions.  

                                                            
1 Non-selective herbicides such as glyphosate can be applied between rows even if HT crops are not being 
cultivated. Specialized machinery (e.g. hooded sprayers) is often used to make these applications. 
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 In the first stage, farmers choose the amount of pre-emergent herbicide ( 1
jH ) to apply and 

the type of seed (conventional or herbicide tolerant) to plant. In this stage there is uncertainty about 

future environmental conditions. In the second stage, farmers observe environmental conditions 

and apply post-emergent herbicides ( 2
jH ). The per-acre dynamic profit function is:                 

 
2
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j j j j
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        (1) 

where P  is the price of the crop, jp  is the price of herbicide j , j
HTp  is the price of the herbicide 

tolerant seeds, Tp is the cost of tillage, xp is the fertilizer price, jHT  is an indicator for herbicide 

tolerant seed use, T is an indicator for tillage, x reflects fertilizer use, and Y  reflects agricultural 

output (e.g., the production function). The farmer’s objective is to maximize expected profits by 

determining the amount of herbicides to apply in each stage, the amount of fertilizer to apply, and 

whether or not to till: 
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where Z
t
 is the weed populations in each stage, 

H
  and 

Z
 are random variables that affect 

potential yields and weed populations, and f Z1   is the transition function for the weed 

populations.  

 In order to derive closed-form solutions for the pre-emergent and post-emergent herbicide 

demand functions, an explicit form must be chosen for the abatement function. Similarly to Fox 

and Weersink (1995), we specify the abatement function such that G
t
 1 D

t
Z

t
1C

t  , where tD  

is a damage function (which reflects the percentage of potential output damaged by pests) and tC  
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is a pest control function (which reflects the percentage of pests killed by abating inputs). The 

weed population levels in the second stage are dependent on the uncontrolled weed populations 

from the first stage. Therefore, the weed population transition function is: 

  12 11reZ Z C   (3) 

where r  is the growth rate of weeds from stage one to stage two.2  The weed control and damage 

functions are specified using exponential cumulative distribution functions. The weed control 

function in period 1 is: 

 1 11 1 exp Tj j

j

C c c TH
 

 


  


 . (4) 

where 1
jc  is the efficacy of each pre-emergent herbicide and Tc is the efficacy of tillage. The weed 

control function in period 2 is: 

 2 2 21 exp j

j

jC c H  
 
 
 
   (5) 

where 2
jc  is the efficacy of each post-emergent herbicide. The damage function is: 

 1 exp( (1 ))t t t td ZD C    .  (6) 

where d  is a damage parameter. Given equations (3), (4), (5) and (6) the abatement function is: 

 1 2 1 1 11 1 1 1 2 2 2exp exp exp exp rj j j jT T

j j j

j jG c c T Z c c T cG G d Z H d H H
    

         
 

  
 

       
   . (7) 

We assume that there are two sources of uncertainty in the model: environmental 

conditions affecting potential yields ( ), and environmental conditions affecting weed 

populations ( ). The random variables  and  are assumed to be multiplicatively separable 

                                                            
2 In the empirical application below, we assume the weed growth rate between the periods is 5%. 
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such that . In order to simplify notation, these random variables are 

aggregated such that Z    . 

 
Second Stage Cost Function 

The theoretical model is solved recursively. The first order conditions with respect to post-

emergent herbicide use are: 

  2 1
2

Z exp exp
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 .  (8) 

Therefore, in equilibrium, the ratio 2 2
j kc c  must equal the herbicide price ratio ( j kp p ) for all 

post-emergent herbicides (where k indexes herbicides other than j). Solving for 2 *jH  and 

substituting it into equation (7) results demonstrates that:  

  . (9) 

Solving this equation for G  implies that: 

   (10) 

where W  is the Lambert function. Substituting equation (10) into equation (8) demonstrates that 

the cost function for post-emergent herbicides is:      
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This cost function is increasing in the severity of weed infestations ( 1Z ) and the damages from 

weeds ( 2d ).  It is also increasing in potential yields ( ) and output prices ( P ). It is decreasing in 

the efficacy of tillage ( Tc ), the efficacy of pre/post emergent herbicides ( j
tc ), tillage (T), and pre-

emergent herbicide use ( 1
jH ).  

 
First Stage Cost Function 

The cost function for pre-emergent herbicides is derived by substituting equations (10) and (11) 

into the first stage of the model. The first order condition for pre-emergent herbicides is:  
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Substituting 
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 into equation (12) shows that the cost function for pre-

emergent herbicides is: 

    
1 1 1

1 21

1 2

ln ln
Ej

j j T
j jj

j
j j

Pp
p H d Z c T

p p
c

Y

c
c

 
 
   
  
 

 
 
 
 
 
 

 .  (13) 

This cost function is increasing in the severity of weed infestations, output prices, and expected 

yields. It is decreasing in the efficacy of tillage ( Tc ) and tillage adoption (T). Substituting equations 

(11) and (13) into the production function demonstrates that:   
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Empirical Strategy 

We use cross-sectional variation in field-level microdata to identify the parameters of a nonlinear 

system (equations (11), (13), and (14)). We estimate the system using Nonlinear Full Information 

Maximum Likelihood (NFIML), the maximum likelihood analogue of nonlinear three-stage least 

squares (N3SLS). The error vector is assumed to be multivariate normal. Although not strictly 

required for identification, estimation is aided by cross-equation parameter restrictions and 

nonlinearities arising from the structural model (Wooldridge, 2010).4  

There are a number of advantages associated with the NFIML estimator. First, it is the only 

widely-accepted method of endogenous system estimation that does not require instrumental 

variables. Thus, our approach avoids the pitfalls associated with weak or invalid instruments. 

Second, when the distributional assumption is accurate, the NFIML estimator has been shown to 

be the most efficient of the extremum estimators (Hayashi, 2000). Third, NFIML estimators are 

robust to the choice of likelihood distribution. In particular, Phillips (1982) shows that consistency 

of the NFIML estimator is maintained even under non-normal error distributions.  

The NFIML objective function is (Amemiya, 1977): 

        
1

, ,
1 log 2 log

2 2
log

N
i i i

i i

f yNM

y

N




 
     

    (15) 

where N is the number of observations, M is the number of equations,  , ,i i i if y y     is the 

Jacobian matrix of the system of equations, and     is the covariance matrix, which depends on 

the p-dimensional vector of parameters, i .  For the ith observation, y
i is the vector of endogenous 

                                                            
4 Numerical simulations show that the system is identified and robust to a wide range of starting values.  
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variables and i  is the vector of exogenous variables. To concentrate the log-likelihood for 

estimation, we substitute the mean of the outer product of residuals for the covariance matrix:5 

      
1

1
, , , ,

N
T

i i i i i i
i

f y f y
N

 


       (16) 

Note that  , ,i i if y    is the set of M nonlinear equations for the ith observation, such that

 , ,i i i if y    , where   ~ 0,i MVN   . We obtain coefficient estimates by maximizing 

equation (15).  

 

Empirical Specification 

We impose non-negativity constraints on the damages attributable to weed infestations by 

reparameterizing 1td Z  such that: 

     1 exp  for 1,2ttd Z z t    (17) 

where  z  is a vector of environmental factors expected to affect (untreated) weed pressure, such as 

the National Commodity Crop Productivity Index (NCCPI) for corn and soybeans,  an indicator 

for year 2010, and indicators for the three southern-most states in our sample (Kansas, Kentucky, 

and Missouri), which are not located in the ERS designated Heartland region.6  

Potential yields are specified such that: 

    0 2010 2010log NCCPI GDD PrecI NCCPI D PrecGD           (18) 

                                                            
5 Concentration of the log-likelihood eases computational burden associated with parameter estimation. Moreover, 

i is usually regarded as the parameter vector of interest, with elements of  viewed as nuisance parameters 

(Gallant and Holly, 1980).   
6 The vector of variables affecting the severity of weed infestations ( z ) also contains an intercept. 
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where 2010I is an indicator for 2010, NCCPI  takes on index values from the NCCPI corn and 

soybeans sub-model, GDD reflects the number of growing degree days during the corn growing 

season (May, June, July, and August), and Prec reflects precipitation during the growing season. 

Therefore, the set of equations used to estimate the model is: 
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where  ,j g ng , g refers to the active ingredient glyphosate, and ng refers to active ingredients 

which are not glyphosate.7 

The effectiveness of pre-emergent glyphosate ( 1c ), the effectiveness of post-emergent 

glyphosate ( c
2
g ), and the effectiveness of other post-emergent herbicides ( c

2
ng ) are specified as: 

 

0 2010 2010

0 2010 2010

0 2010 201

1

2 0

2

pH OM

ng ng ng

g g
HT GR I

g g g
t

g
n

c b b I b pH b OM

c c c I

c c I c HT c GRc Gc RHT

   

 

   

   (20) 

where 2010I is the indicator for 2010, pH is the soil pH value, OM is soil organic matter, HT

denotes adoption of herbicide-tolerant (HT) corn seeds, and GR is the number of reported 

glyphosate-resistant weeds.  

We expect the effectiveness of post-emergent glyphosate to be increasing in the adoption 

of HT corn seeds 
  
c

HT
g  0   and to be decreasing in the number of glyphosate-resistant weeds per 

                                                            
7 Subscripts denoting the ith observation are dropped for notational convenience. 
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state  0GR
gc  . Crucially, the rate of change in the effectiveness of post-emergent glyphosate (with 

respect to resistant weeds) depends on the prevalence of HT seed adoption. If U.S. agriculture is 

facing widespread resistance, then the marginal productivity of HT production systems will be 

reduced as infestations of resistant weeds become more common c
Int
g  0  . 

 
Control Function Based Approach to Endogeneity  

Three of the explanatory variables in the nonlinear system (expected yields, tillage adoption, and 

HT seed adoption) are potentially endogenous. We account for the possibility of endogeneity using 

a two-stage, control function based approach (Wooldridge 2014, 2015; Terza et al., 2008).  

 First, we estimate reduced-form regressions for HT adoption, tillage adoption, and 

expected yields. Probit models are used to analyze seed and tillage choices. Yield goals, which we 

use as a proxy for expected yields, are analyzed using an ordinary least squares regression. Results 

from these regressions are then used to construct generalized residuals ( ̂E[Y ], T̂ , and ˆ
HT ), which 

serve as proxies for unobserved variables that influence the farmer’s HT seed use, tillage choices 

and yield expectations. Prior to NFIML estimation, the control functions for HT adoption, tillage 

adoption, and expected yields are included in z, the vector of explanatory variables used to model 

field-level weed pressure.8 This two-step estimation method with constructed regressors (e.g., 

control functions) motivates our choice to use bootstrapped standard errors for inference (Pagan, 

1984; Wooldridge, 2014).9  

                                                            

8 
  
̂

E[Y ] is not included in the post-emergent cost function because E[Y] does not appear in that specification. 
9 Field-level information contained in the ARMS Phase II Corn Surveys can be extrapolated to the population of 
U.S. corn fields through the use of expansion factors. These expansion factors are calculated annually by NASS 
statisticians. To ensure that our results are nationally representative, we adopt a bootstrapping procedure that re-
samples each field (with replacement) according to NASS’ population expansion factor (Goodwin and Mishra, 
2006). Results are generally reported as means across 250 bootstrap samples.  
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 Exogenous sources of variation that explain HT seed adoption, tillage adoption, and yield 

expectations include real input prices, real output prices, weather, climate, and soil and land 

characteristics. Farm Resource Region indicators (Heimlich, 2000) account for time-invariant 

sources of unobserved factors that could otherwise contribute to omitted variables bias. For 

example, these indicators could capture long-term variation in extension services, differences in 

regional weed species, longstanding agricultural policies, and unobserved factors influencing 

management strategies clustered in certain regions.10 

 
Censoring and Regression Switching 

Given the extensive adoption of herbicide-tolerant corn production systems in recent years, which 

tend to rely heavily on post-emergent herbicides (e.g., RoundupTM), pre-emergent herbicides are 

not used on the majority of fields in our dataset (roughly 65%). This contributes to a substantial 

empirical censoring problem. There is relatively less censoring in post-emergent herbicide 

expenditures; these herbicides are not applied to approximately 15% of the observations in our 

sample. We employ the methods described in Yen and Lin (2002) to account for censoring in 

NFIML estimation. 

 Inference related to weed resistance and interactions with HT seed adoption could be biased 

if pre- and post-emergent glyphosate and non-glyphosate herbicides are aggregated. Therefore, we 

distinguish between the following six cases: 

                                                            
10 We also attempted first-stage estimation with state indicators. Collinearity among state indicators and state-level 
input and output prices motivated our choice to instead use regional indicators. 
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   (21) 

Cases (1) and (2) describe farmers who use both pre and post emergent herbicides. Cases (3) and 

(4) describe farmers who use post-emergent, but not pre-emergent herbicides. Cases (5) and (6) 

describe farmers who use pre-emergent, but not post-emergent herbicides. We exclude farmers 

who use neither pre-emergent nor post-emergent herbicides from the sample.  

 We estimate the effectiveness of herbicide j on fields that herbicide j have been applied to 

using a standard switching regression framework (Goldfeld and Quandt, 1973). Observations 

satisfying conditions (1), (3), and (5) contribute to estimation of parameters indexed by j  g  in 

equation (19). Observations satisfying conditions (2), (4), and (6) contribute to estimation of 

parameters indexed by j  ng . 

 

Data 

The primary source of data for this study is the U.S. Department of Agriculture’s (USDA) 

Agricultural Resource Management Survey (ARMS). It is a cross-sectional, multi-phase survey 

with a complex design (ERS, 2015). Phase II of this survey gathers field-level information about 

input uses and production practices. Commodity-specific versions of the Phase II questionnaire 

are administered approximately once every five years. Therefore, this study utilizes data from the 

2005 and 2010 ARMS Phase II Corn Surveys. 
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The Phase II ARMS data contain information about seed choices, tillage decisions, and 

yield goals. It also contains information about the timing of herbicide applications, the mode of 

application, and the quantity of every herbicide product applied.  

The ARMS survey collects information about a wide range of prices. However, the 

response rates for these questions are low and highly variable. Therefore, state level estimates 

underlying the April release of the NASS Agricultural Prices report were used for herbicide active 

ingredient and corn prices. Prices were adjusted to 2010 levels using the Bureau of Labor Statistic’s 

Consumer Price Index. Using the active ingredient quantities and prices, we estimate the total cost 

of pre-emergent and post-emergent herbicides applied. The non-glyphosate price ( ngp ) is estimated 

for each state and year by dividing total expenditures on herbicides other glyphosate by the quality-

adjusted quantity such that: 

 ,

j j
t

j gng
t ng

t
j g

p H

p
H









  (22) 

where /ng j j o
t t

j g

H H h h


 
  
 
  is defined as the quality adjusted herbicide quantity, jh  is the label rate 

and 0h  is the reference herbicide product.11 State-level HT seed price premiums are estimated as 

the price difference seeds that are glyphosate tolerant (and do not have other GE traits) and 

conventional seeds. 

Data from Oregon State’s Prism Climate Group were used to calculate county-level 

deviations from February precipitation levels. This variable is exogenous, precedes the herbicide 

use decisions, and has the potential to influence farmers’ expectations about yields and/or the 

severity of weed pressure. County-level averages of the National Resource Conservation Service’s 

                                                            
11 In this case, Roundup Original was used as the benchmark herbicide product. 
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(NRCS) National Commodity Crop Productivity Index (NCCPI) and soil characteristics from the 

Soil Survey Geographic Database (SSURGO) were also used. Information on diesel prices paid 

were taken from NASS’ Agricultural Prices surveys. 

Table 1 summarizes the data used in this study. The total cost of both pre- and post-

emergent herbicides increased between 2005 and 2010 and more than twice as much was spent on 

post-emergent herbicides than on pre-emergent herbicides. Yield goals increased by 9 bushels per 

acre between 2005 and 2010.  

The period between 2005 and 2010 was a period of rapid expansion in the adoption of 

herbicide tolerant seeds. In 2005, 27% of corn fields were planted using HT seeds. By 2010, this 

adoption rate had risen to 75%. This period also saw dramatic changes in prices. Corn and HT seed 

prices more than doubled, while glyphosate prices dropped by nearly 50% likely due to increased 

competition from generic suppliers. In 2005, most fields were in states with at most one glyphosate 

resistant weeds. By 2010, the average number of glyphosate resistant weeds per state had roughly 

tripled. 

 
Summary Statistics by Weed Management Strategy 

 Table 2 provides descriptive statistics of the endogenous variables by weed management 

strategy (see equation (21)). Farmers that use pre-emergent herbicides and post-emergent 

glyphosate have the lowest post-emergent herbicide costs ($7.54 per acre). Pre-emergent herbicide 

expenditures are highest for those who do not apply post-emergent herbicides, though there is a 

small distinction among HT adopters and non-adopters ($15.94 vs. $12.43 per acre). Farmers that 

only use pre-emergent herbicides tend to have lower expenditures on glyphosate than on other 

herbicides ($11.87 vs. $13.97 per acre).  
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 The highest rate of HT seed adoption (86%) occurs among farmers that use pre-emergent 

herbicides and post-emergent glyphosate, though adoption is similarly high among post-emergent 

glyphosate users who do not use pre-emergent herbicides (82%). As expected, fields on which 

post-emergent herbicides other than glyphosate have been applied (and with corner solutions for 

glyphosate) have very low mean rates of HT seed adoption, regardless of pre-emergent use (29% 

and 26%).  

 Realized yields are highest on fields with post-emergent glyphosate use and no pre-

emergent herbicide use, roughly 151 bushels per acre (bu/ac). The lowest yields are realized on 

fields with only pre-emergent chemical control and no HT seed use (136 bu/ac). Yield goals tend 

to average 11-25 bu/ac higher than realized yields.  

 Tillage was used most frequently (in 82% of fields) when pre-emergent herbicides were 

not applied. When a pre-emergent herbicide was applied the tillage rate dropped to approximately 

55%.    

 
Results 

First-Stage Results  

Table 3 presents first-stage results of our two stage, instrumental variable based approach. 

We find that HT seed use is decreasing in the HT price premium, but increasing in the corn price 

and farm size. Tillage is increasing in the glyphosate price, which suggests that it is a substitute 

for herbicide applications. Farmers’ yield goals are increasing in the glyphosate price, the corn 

price, and the farm size.  

The impacts of the weather/climate regressors, soil productivity, land characteristics, and 

regional indicators are difficult to interpret.  Cumulative spring precipitation and deviation from 

(30-year) normal February precipitation are significant at 0.05   or better across all reduced-
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form regressions. Further, yield goals tend to be higher in the Heartland, Northern Crescent, and 

Northern Great Plains regions, relative to the Eastern Uplands (e.g., eastern Kentucky and 

Tennessee and western Virginia, North Carolina, and West Virginia).  

Notably, we find that average fall 30-year precipitation is only significant in the tillage 

adoption regression, while several of the regional indicators are only significant in the yield goals 

equation. These present useful exclusions among the instrument sets. Such exclusions facilitate 

identification but are not strictly necessary for control functions that are nonlinear in combinations 

of instruments (Terza et al., 2008; Wooldridge, 2015).  

Terza et al. (2008) notes that, under the general assumptions of an M-estimation model, 

the exogeneity of potentially endogenous regressors can be tested using a conventional Wald test 

of the null hypothesis that the coefficients on the generalized residuals jointly equal zero. Further, 

under the maintained distributional assumptions of the NFIML model, the Wald test, Lagrange 

multiplier test, and likelihood ratio test have the same limiting distribution (Gallant and Holly, 

1980). Since NFIML is a type of M-estimator (Hayashi, 2000), this suits our purposes. We conduct 

simple tests of exogeneity by calculating likelihood ratio tests for each bootstrap sample 

(Amemiya, 1985). Specifically, test each of the following null hypotheses: (i) 21 0HT HT   , (ii) 

1 2 0TILL TILL     , and (iii) [ ] 0E Y  .  

We find that the medians of these three test statistics are 12.69, 3.87, and 10.27. Critical 

values of the chi-squared distributions at 0.05   with two and one degrees of freedom are 7.38 

and 5.02, respectively. This suggests that we can reject the null hypothesis that HT adoption and 

expected yields are exogenous, but not the null hypothesis that tillage choices are exogenous.12 

                                                            
12 Generally, MacKinnon (2009) shows that the p-value of a standard bootstrap hypothesis test is performed by 
averaging the count of the number of times the test statistic across the bootstrap samples exceeds the test statistic in 
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Parameter Estimates 

 Parameter estimates for the system of herbicides expenditures and log-yields are given in 

Table 4. Parameters of interest reflect the effectiveness of pre-emergent herbicides ( c
1
), post-

emergent glyphosate ( c
2
g ), and other post-emergent herbicides ( c

2
ng ). Not surprisingly, we find that 

the effectiveness of post-emergent glyphosate is decreasing in the number of glyphosate-resistant 

weeds. Generally, our results suggest that herbicides were less effective in 2010 than in 2005. 

 Many of the parameter estimates related to potential yields and the proxies for uncontrolled 

weed pressure have the expected signs and reasonable magnitudes. Estimates of potential yield,

      
0 2010 2010log NCCPI GDD PrecNCCPI DI PrecGD         , suggest that fields in 2010 with 

the highest soil productivity for corn and soybeans,  and mean growing degree days and seasonal 

precipitation have average corn yields approaching 176 bu/ac. This is comparable to realized 2014 

state yields in Illinois of 200 bu/ac and 2015 Iowa yields of 192 bu/ac (NASS, 2016).  

The results of our model suggest that pre-emergent weed pressure was relatively high on 

fields located in Minnesota, South Dakota, Michigan, Wisconsin, and Illinois. The severity of post-

emergent weed infestations was relatively high in Kansas, Minnesota, Illinois, Iowa and 

Wisconsin. Generally, pre-emergent weed pressure was lower than post-emergent weed pressure. 

Post-emergent weed pressure appears to have been more severe in 2010 than in 2005. 

 
Model Predictions 

Assuming that farmers used neither pre-emergent nor post-emergent herbicides, the model 

predicts that weeds would have caused average yield losses of approximately 91 bu/ac (60% of 

                                                            
the full sample. Given the complex way in which the weights enter our nonlinear system, estimating the full-sample, 
weighted log-likelihood is not generally feasible. 
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potential yields) in 2005 and 105 bu/ac (64% of potential yields) in 2010 (see tables 5 and 6). At 

observed rates of herbicide use, the model predicts average yield losses of approximately 17 bu/ac 

in 2005 and 12 bu/ac in 2010 (figure 1). This implies that herbicide use increased the yields of 

farmers in our sample by approximately 74 bushels per acre (worth approximately $168 per acre) 

in 2005 and 93 bushels per acre (worth approximately $490 per acre) in 2010. 

Post-emergent herbicide use appears to have a larger impact on yields than pre-emergent 

use. Post-emergent herbicide applications increased average yields by approximately 64 bu/ac in 

2005 and 81 bu/ac in 2010. Pre-emergent herbicide use increased yields by a relatively small 19 

bu/ac in 2005 and 29 bu/ac in 2010.  This suggests that post-emergent herbicides provide 

approximately three times as much control as pre-emergent herbicides do. 

These results closely correspond to the results of many field tests. For instance, Gower et 

al. (2002) found that weeds damaged 37% of potential yields on tilled fields when herbicides were 

not applied and seven % of potential yields when glyphosate was applied at the label rate. On fields 

that have been tilled, our model predicts that weeds damage 42% of potential yields when 

herbicides are not applied and 12% of potential yields at observed herbicide application rates (table 

7). Our model appears to perform less well on fields in no-till rotations. While Gower et al. found 

that weeds damaged 92% of potential yields on no-till fields when herbicides were not applied, 

our model predicted only 83%. The differences were even more pronounced at observed herbicide 

levels. Gower et al. found that only 2% of potential yields were damaged when glyphosate was 

applied at the label rate. Our model predicted that 44% of potential yields were damaged. One 

possibility is that our model underestimates the efficacy of pre-emergent herbicides. This would 

not be surprising given that the empirical model does not differentiate between pre-emergent 

glyphosate and non-glyphosate applications. Future work will address this concern. 
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Not surprisingly, our results suggest that the presence of resistant weeds decreases the 

effectiveness of post-emergent glyphosate applications. Glyphosate appears to kill approximately 

98% of weeds when applied at the label rate in HT production systems (see table 8). Though the 

presence of one glyphosate-resistant weed species decreases control by less than one percentage 

point, the presence of five resistant weeds decreases control by over 11 percentage points.  

 
Conclusion 

This article develops an empirical test for glyphosate resistance using a two stage, damage 

abatement model of corn farmers’ weed control decisions. This test was implemented by analyzing 

cross sections of data from the USDA’s 2005 and 2010 Agricultural Resource Management 

Surveys. 

We found that the benefits associated with post-emergent herbicide use were 

approximately three times larger than the benefits associated with pre-emergent usage in both 2005 

and 2010. Though our results suggest that resistance decreased the effectiveness of post-emergent 

glyphosate applications in HT production systems, these results should be interpreted cautiously. 

Our estimates of post-emergent glyphosate control are imprecise. In part, this is because our 

measure of weed resistance is coarse (a state-level variable). However, no highly-accurate data on 

weed pressure among U.S. corn fields exists. 

Future work should attempt to relax the assumptions of the structural model. For instance, 

though the model assumes risk neutrality, farmers are likely to be risk averse. Estimates of 

potential output should be improved by accounting for productive input use decisions. Estimates 

of abatement should be improved by accounting for the impacts of yield losses from insect pests 

like corn borers and corn rootworms. Future work will use the methods developed in this article to 

assess the extent to which glyphosate resistance developed from 2010 to 2016. 
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Tables 

 

Table 1: Summary Statistics 

 Mean Std. Dev. 
Endogenous Variables   

Cost of pre-emergent herbicides ($ per acre) 4.11 7.70 
Cost of post-emergent herbicides ($ per acre) 10.09 9.34 
Yield Goals (bushels per acres) 165.58 28.30 
Yield (bushels per acre) 152.56 39.90 
Herbicide tolerant seed indicator 0.53 0.50 
Tillage 0.75 0.43 

Exogenous Variables   
Corn Price ($ per bushel) 3.84 1.51 
Glyphosate Price ($ per pound) 6.79 2.39 
Non-glyphosate post-emergent herbicide price ($ per 
adjusted pound)  12.57 3.31 
Herbicide tolerant seeds price ($ per bag) 24.49 15.56 
Corn Area (acres) 563.51 831.37 
   
Deviation from February Precipitation (ppt) -2.97 14.38 
Highly erodible soil indicator  0.19 0.39 
Soil pH 6.23 0.42 
Soil productivity index 0.50 0.17 
Number of Glyphosate Resistant Weeds in the State 1.69 1.54 
Organic Mater 3.56 1.59 
Diesel Price 1.51 0.20 
Summer Precipitation 1.78 .57 
Summer Growing Degree Days 1.65 .19 

 

 

 

 

 

 

 

  



 

Table 2. Summary Statistics of Decision Variables Across Corner Solution Cases 
Case N Variable Unit Mean Std Dev 

1 2Cost 0,Cost 0g   283     

  Exp2 $ 7.54 5.01 
  Exp1 $ 11.98 7.82 
  logY bu/ac 5.02 0.31 
  HT  0.86 0.34 
  E[Y] bu/ac 5.13 0.20 
  Till  0.61 0.49 

1 2 2Cost 0,Cost t0, 0Cosg ng   111     

  Exp2 $ 9.42 8.86 
  Exp1 $ 9.78 7.07 
  logY bu/ac 4.94 0.31 
  HT  0.29 0.46 
  E[Y] bu/ac 5.08 0.14 
  Till  0.51 0.50 

1 2Cost 0,Cost 0g   776     
  Exp2 $ 11.87 8.17 
  Exp1 $ 0.00 - 
  logY bu/ac 5.02 0.32 
  HT  0.82 0.38 
  E[Y] bu/ac 5.09 0.20 
  Till  0.80 0.40 

1 2 2Cost Cos0, 0t 0t,Cosg ng    531     

  Exp2 $ 13.97 10.29 
  Exp1 $ 0.00 - 
  logY bu/ac 4.96 0.33 
  HT  0.26 0.44 
  E[Y] bu/ac 5.08 0.16 
  Till  0.82 0.38 

1 2 20Cost 0,Cost Cost, 0,HT 0g ng    111     

  Exp2 $ 0.00 - 
  Exp1 $ 15.94 10.64 
  logY bu/ac 5.03 0.28 
  HT  1.00 0.00 
  E[Y] bu/ac 5.10 0.21 
  Till  0.65 0.48 

1 2 20, 0Cost Cost Co HT 0st, 0,g ng     179     

  Exp2 $ 0.00 - 
  Exp1 $ 12.43 9.20 
  logY bu/ac 4.91 0.35 
  HT  0.00  
  E[Y] bu/ac 5.08 0.16 
  Till  0.72 0.45 
Note: The total sample is 1,994 field-years. The sample size for set A is 1,171 observations. These observations 
are used to estimate parameters such that j=G. The sample size for set B is 823 observations. These observations 
are used to estimate parameters such that j=NG.  
 



 

Table 3. First-Stage Estimates of HT Seed Adoption, Tillage Adoption, and log-Expected 
Yields (Goals) 
 
Variable HT Seeds 

Adoption 
Tillage 
Adoption 

log(Expected Yields) 

Prices    
ln(Price of HT seed price premium) -0.16*** 0.17*** 0.009 
ln(Glyphosate price) -0.14 0.45* 0.089***

ln(Corn price) 1.79*** -0.45 0.09***

ln(Corn acreage) 0.11*** -0.07*** 0.03***

Diesel price in previous year - 0.70 - 
    
Growing Conditions    
Average Fall 30-Year Precipitation - 0.34*** - 
Cumulative Spring Precipitation - -0.10*** -0.009***

Dev from Normal Feb Precipitation 0.02*** 0.009** -0.001***

NCCPI: Corn and Soybeans -0.80*** 0.06 0.26***

Erodible Soils Indicator 0.03 -0.46*** -0.02**

    
Farm Resource Region Indicators    
Heartland 0.06 0.45* 0.11***

Northern Crescent  0.006 0.17 0.07**

Northern Great Plains 0.48 0.08 0.11**

Prairie Gateway -0.43 0.10 0.02 
    
Intercept -1.60* -1.27 4.43***

AIC 2196.9 2107.7 - 
R2 - - 0.21 
Degrees of Freedom 1,979 1,976 1,978 

Note: Asterisks *, **, and *** denote 10%, 5%, and 1% levels of significance. Parameter estimates are calculated as 
means across B = 250 bootstrap samples. The standard errors are bootstrapped to maintain consistency with the set 
of bootstrapped standard errors for the main results. The AIC and R2 values are calculated as means across the same 
set of bootstrap samples. The omitted region indicator is the Eastern Uplands area.  
 

 

 

 



 

Note: Asterisks *, **, and *** denote 10%, 5%, and 1% levels of significance. The second column is the mean of 
the bootstrap samples, the third column is the standard deviation of the bootstrap samples, the fourth column is the 
2.5th percentile across the bootstrap samples, and the fifth column is the 97.5th percentile across the bootstrap 
samples. We use B = 250 bootstrap samples for the analysis. Estimates are robust to a wide range of starting values.         

Table 4. Parameter Estimates for System of Herbicides Expenditures and Log-Yields 
Parameter Estimate Std Err 25th Percentile 75th Percentile 

0
1   0.15 2.68 -1.62 2.21 

1
KS   -0.43 0.63 -0.82 -0.02 

1
KY   -0.55 0.52 -0.89 -0.17 

1
MO   -0.68 0.62 -1.08 -0.32 

2010
1   -0.11 0.33 -0.30 0.12 

1
NCCPI   -0.75 0.66 -1.05 -0.38 

1
TILL  -3.49 3.29 -5.78 -1.37 

0
2   2.26 2.80 0.16 4.10 

2
KS   1.10 0.86 0.55 1.58 

2
KY   -0.42 0.65 -0.83 0.03 

2
MO   -0.72 0.51 -1.04 -0.37 

2010
2   0.10 0.66 -0.29 0.57 

2
NCPCI   0.33 1.17 -0.32 0.99 

0   5.56*** 0.15 5.45 5.66 

2010  0.07* 0.04 0.05 0.10 

NCCPI   0.34*** 0.11 0.26 0.41 

GDD  -0.50*** 0.09 -0.57 -0.44 

PREC  0.06* 0.03 0.03 0.08 

0b   1.90** 0.76 1.31 2.31 

2010b   -0.64 0.45 -0.87 -0.30 

pHb  -0.04 0.89 -0.40 0.58 

OMb  -0.31 0.21 -0.41 -0.22 

0
Gc   3.06*** 0.82 2.51 3.46 

2010
Gc   -0.58 0.85 -1.00 0.02 

G
HTc   1.10 1.06 0.45 1.66 

G
GRc   -0.14 0.16 -0.21 -0.04 

int
Gc   -0.22 0.24 -0.34 -0.08 

0
NGc   1.51*** 0.46 1.14 1.76 

2010
NGc   0.22 0.48 -0.04 0.56 

1
HT  0.28 0.19 0.16 0.40 

2
HT  0.65** 0.32 0.44 0.83 

1
TILL  2.34 1.96 1.10 3.70 

2
TILL  2.27 1.94 1.02 3.62 

[ ]E Y  -1.87*** 0.81 -2.22 -1.37 



 

  

Table 5. Yield Losses due to Weed Infestations (bu/ac) 
 2005 Group 2010 Group
No Herbicides 90.92 *** a 104.51 *** e 
No Post-Emergent Herbicides 72.31 *** b 75.34 *** f 
No Pre-Emergent Herbicides 26.60 *** c 23.96 *** g 
At Observed Herbicide Application Rates 16.60 *** d 11.70 *** h 
Note:  Asterisks *, **, and *** denote 10%, 5%, and 1% levels of significance. All groups are statistically 
distinct at α=.01. 



 

  

 

 

  

Table 6. Percent of Potential Yields Damaged by Weeds 
 2005 Group 2010 Group
No Herbicides 60% *** a 64% *** e 
No Post-Emergent Herbicides 47% *** b 46% *** f 
No Pre-Emergent Herbicides 18% *** c 15% *** g 
At Observed Herbicide Application Rates 11% *** d 7% *** h 
Note:  Asterisks *, **, and *** denote 10%, 5%, and 1% levels of significance.  All groups are statistically 
distinct at α=.01. 



 

Table 7. A Comparison of Model Estimates and Results from Field 
Trials 

 Percent of Pot. Yields Damaged 
 Field Trial1 Model Estimate 

With tillage 
With Herbicides 7% 12% *** 

Without Herbicides 37% 42% *** 

Without tillage 
With Herbicides 2% 44% *** 

Without Herbicides 92% 83% *** 
Note:  Asterisks *, **, and *** denote 10%, 5%, and 1% levels of significance.  
1 Gower et al. (2002) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



 

Table 8. Percent of Weeds Controlled by Post-Emergent Glyphosate Applications (at the 
Label Rate) in HT Production Systems 

 

                                                  

                                                 

 

 

  

 

Average 
Percent of 

Weeds 
Controlled1 

Impacts of Resistance 

5th 
Percentile 

Average of 
Bootstrapped 

Estimates 
95th 

Percentile 

No Resistance 97.6%    

One Gly. Resistant Weed Species 96.8% -0.2% -0.8% -1.6% 
Three Gly. Resistant Weed Species 93.8% -1.1% -3.8% -7.4% 
Five Gly. Resistant Weed Species 86.4% -2.4% -11.1% -21.6% 
1 Estimates are statistically distinct from 0 at α=.01. The estimates are statistically distinct from one another at α=.1.
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Figure 1. Estimated Yield Losses from Weeds Given Observed Tillage Choices 
 

 

 

 

 

 

 

 

 

 


