
 
 

Give to AgEcon Search 

 
 

 

The World’s Largest Open Access Agricultural & Applied Economics Digital Library 
 

 
 

This document is discoverable and free to researchers across the 
globe due to the work of AgEcon Search. 

 
 
 

Help ensure our sustainability. 
 

 
 
 
 
 
 
 

AgEcon Search 
http://ageconsearch.umn.edu 

aesearch@umn.edu 
 
 
 

 
 
 
 
 
 
Papers downloaded from AgEcon Search may be used for non-commercial purposes and personal study only. 
No other use, including posting to another Internet site, is permitted without permission from the copyright 
owner (not AgEcon Search), or as allowed under the provisions of Fair Use, U.S. Copyright Act, Title 17 U.S.C. 

https://makingagift.umn.edu/give/yourgift.html?&cart=2313
https://makingagift.umn.edu/give/yourgift.html?&cart=2313
https://makingagift.umn.edu/give/yourgift.html?&cart=2313
http://ageconsearch.umn.edu/
mailto:aesearch@umn.edu


Environmentally Responsible versus Profit Oriented Farmers: 

Evidence from Precision Technologies in Cotton Production 

 

Sofia Kotsiri, PhD student 

Dept of Agricultural and Resource Economics 

North Carolina State University 

Email: skotsir@ncsu.edu 

 

Roderick M. Rejesus, Associate Professor 

Michele Marra, Professor 

Dept of Agricultural and Resource Economics 

North Carolina State University 

 

Sherry Larkin, Professor, 

Dept of Food and Resource Economics 

University of Florida 

 

Dayton M. Lambert, Associate Professor 

Burton C. English, Professor 

James A. Larson, Professor 

Margarita M Velandia, Assistant Professor 

Roland K. Roberts, Professor 

Department of Agricultural and Resource Economics 

University of Tennessee, Knoxville, Tennessee 

 

Ashok K. Mishra, Professor 

Krishna P. Paudel, Associate Professor 

Department of Agricultural Economics and Agribusiness 

Louisiana State University, Baton Rouge, Louisiana 

 

 

 

 

Selected Paper prepared for presentation at the Southern Agricultural Economics Association 

(SAEA) Annual Meeting, Orlando, Florida, 3‐5 February 2013 

 

 

Copyright 2013 by Kotsiri, Rejesus, Larkin and Marra. All rights reserved. Readers may make 

verbatim copies of this document for non‐commercial purposes by any means, provided that this 

copyright notice appears on all such copies. 

 

mailto:skotsir@ncsu.edu


 Environmentally Responsible versus Profit Oriented Farmers: 

Evidence from Precision Technologies in Cotton Production 

 

ABSTRACT 

 

This article examines what differentiates "socially responsible" farmers (i.e., those who rank 

environmental benefits higher than profit, based on a Likert style ranking) from farmers who 

make decisions based solely on financial criteria. A proportional odds model (POM) is proposed 

to estimate the factors affecting the degree of social responsibility on the technology adoption. 

The marginal effects indicate that the participation in agricultural easement programs, the 

perceived importance of precision farming (PF) in the future, as well as the perceived 

improvement in environmental quality following the precision technologies’ use, all positively 

influence the decision to adopt for environmental reasons. In contrast, educational attainment and 

use of University Publications to acquire information about precision agriculture have a positive 

impact on adoption based on profit motives. These results suggest that there may be a need for 

further technical advice and information from Extension focusing on environmental benefits of 

precision agriculture. 

 

Keywords: socially conscious, profit oriented, Likert style ranking, precision farming, ordered 

logit, rare events logit  
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Introduction 

This study is part of the precision farming (PF) literature that focuses on non-financial factors 

affecting farmers’ decisions about precision technology adoption. Farmers who adopt precision 

agriculture technologies typically expect that they can decrease the use of fertilizers and 

chemicals, thereby improving profits and environmental quality due to the lower likelihood of 

fertilizer/chemical runoff (Auernhammer, 2001). The concept of environmental quality is multi-

dimensional and it is linked to a number of interrelated factors, i.e., soil management practices, 

soil type, topography, organic matter content, crop, weather effects, and prior management 

(Hatfield, 2000). Although the reduction of input use through precision farming can logically 

translate into potential improvements in environmental quality, these positive environmental 

externalities from precision farming technologies have not yet been fully understood over a 

longer duration of time.  

Regarding farmers’ attitudes towards the environment, the literature shows that their 

environmental interests are not clear and they seem to affect the speed of entry rather than the 

probability of adoption (Wynn et al., 2001). Farmers may realize the importance of 

environmental benefits, but they might not be willing to adopt new practices with large fixed cost 

for equipment and uncertain profits, that would potentially risk the socio-economic viability of 

the farm enterprise (Napier and Brown, 1993).  For example, Van Kooten et al. (1990) found that 

farmers are unwilling to sacrifice as little as 5% reductions in net returns in favor of improved 

soil quality, although some soil quality improvement due to precision farming may contribute to 

an additional 7.2% in revenue (Swinton and Lowerberg-DeBoer, 1998). Other studies found that 

a regulation to adopt environmentally-friendly practices is more effective than education in 

inducing adoption (Bosch et al., 1995).  
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However, there have also been studies that demonstrate farmers’ willingness to be 

“environmentally responsible” and attenuate an amount of their profits in order to meet their 

social goals. A large percentage (80%) of farmers in a survey conducted in rural areas of 

Mississippi agreed that precision technology can be used to achieve a cleaner environment and 

that they would be willing to pay in order to protect the environment for human health reasons 

(Hite et al., 2002). Another study found that farmers were willing to forgo higher yields by 

reducing input use in order to avoid the risk of a moderate environmental damage (Lohr et al., 

1999). A farmer may, however, adopt environmentally-friendly technologies in order to decrease 

the possibility of future environmental regulations imposed by the government rather than to be 

environmentally responsible (Mudalige and Weersink, 2004).  

To consider the joint role of financial viability and environmental responsibility, Morris 

and Potter (1995) classified farmers in the following four groups: i) active participants who 

voluntary adopt agri-environmental measures (AEM) for both environmental protection as well 

as financial reasons (Wilson and Hart (2001), ii) passive adopters, who practice AEM mostly for 

financial reasons, iii) conditional non adopters who would participate only under certain 

circumstances (e.g., if there is payment/subsidy for adopting), and iv) resistant non adopters who 

are against the adoption of agri-environmental measures. In a similar framework, Lynne and 

Casey (1998) added the assumption of “other interest” in addition to the primary “self interest” 

(i.e., profit maximizing). The challenge to the scientific community at large would be to better 

understand the different types of farmers listed above and provide financially rewarding 

technologies/practices that also promote sustainable environmentally-friendly farming.  
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Our study extends the work of Pandit et al. (2011) by looking more carefully at factors 

influencing the adoption of precision technologies based primarily on environmental motives.
1
 

What are the characteristics of farmers who adopt precision technologies mainly for its 

environmental benefits? We distinguish between the profit maximizing farmers (i.e., those who 

rank profits strictly higher than the environmental benefits) and the more “environmentally 

responsible” or “environmentally conscious” farmers (i.e., those who prioritize potential 

environmental improvements over profits as the reason for adopting the technology). The 

definition of an environmentally responsible or environmentally conscious farmer was based on 

a Likert-style ranking of the importance of three reasons for adopting precision technologies: (1) 

profit, (2) environmental benefits, and (3) being at the forefront of technology.  We analyze farm 

and/or farmer characteristics associated with those who explicitly state that they adopt precision 

technologies mostly for their environmental benefits rather than for the potentially higher profits.  

Having knowledge of farmers’ characteristics who adopt precision technologies for 

environmental reasons would help identify where to initiate educational and regulatory efforts 

designed to increase the use of environmentally-friendly production practices like precision 

farming. Knowing the characteristics of precision technology users that adopt for environmental 

reasons and are more in tune with the environmental benefits of the technology would allow for 

more targeted educational and information dissemination programs that focus on the 

environmental advantages of the technology. Agribusiness providers and extension educators 

                                                           
1
 Pandit et al. (2011) more generally investigated the different factors that affect the three different motives for 

adopting precision agriculture –profit, environmental reasons, and being at the forefront of technology – using a 

simultaneous equations framework. Our study is more focused in the sense that we examine those individuals who 

rank potential environment benefits higher than potential profit advantage as their main reason for adopting 

precision technologies (i.e., an environmentally responsible farmer). The Pandit et al. (2011) study does not make 

this more specific delineation in their analysis (i.e., they used the actual reported ranking of each motive as the 

dependent variable regardless of whether the environmental motive is ranked higher or lower than the profit motive).  
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would be able to know which type of precision farmers are more informed about the 

environmental contributions of precision technologies and the consequent interventions needed 

to increase awareness. Results from this study would also be useful in developing more targeted 

educational programs promoting “green” production practices, such as organic farming or 

integrated pest management (IPM).  

Knowler et al. (2007) tried to synthesize the factors affecting adoption of 

environmentally-friendly conservation practices coming from 31 studies, and they found that 

there are no universally significant independent variables. Larkin et al. (2005) and Pandit et al. 

(2011) also demonstrated that there are several farmer characteristics (e.g., farm size, yield 

levels, farmer age, and experience) that systematically influence environmental motives for 

adoption and perceived environmental improvements from precision farming based on single 

cross-section data. We build on these existing studies to further explore whether there are other 

important elements that affect environmental motives.  

 

Empirical Approach 

            Conceptual Framework 

Technology adoption is usually modeled as a choice between two alternatives: the traditional 

technology and the new one (i.e., in our case, the precision technology). Farmers choose the 

alternative that maximizes their expected utility (Fernandez et al., 2004). A farmer i is likely to 

adopt precision technologies if the utility of adopting, Ui,PF is larger than the utility of not 

adopting, Ui,NO , that is Ui
*
= Ui,PF- Ui,NO>0. Since the actual utilities are not observable, we 

define U*i,j= Vi,j +εj, where V is the systematic component of U related to the expected utility of 

adopting (j=PF), and of not adopting (j=NO), and define a random disturbance (ε) that accounts 
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for errors in perception and measurement, as well as  unobserved attributes and preferences 

(Payne et al., 2003).  

The potential environmental benefits (EB) and profit benefits (PB) of precision 

technologies are two main factors that determine the utility derived from adoption and these two 

variables are typically included in V (i.e., ),(, PBEBfV ji  ). Assume there exists a latent 

variable or index (Y
*
) that measures the degree of importance of EB relative to PB in determining 

the utility derived from adoption of precision technologies. Hence, higher values of Y
*
 indicate 

that the relative weight given to EB is more than to PB, and the expected utility derived from 

precision technologies is determined more by environmental reasons rather than potential profit 

improvements. Lower values of Y
*
 imply the reverse (i.e., more weight to PB than EB). There is 

also a value of Y
*
 where the relative weights of EB and PB in determining utility are equal (i.e., 

indifference between EB and PB).     

Given the existence of Y
*
 for each farmer i, we are interested in determining the factors 

and/or characteristics that affect Y
*
 such that: 

(1)      Yi
*
= Xi'β + εi,  

where Yi
* 
is the unobserved latent variable (as defined above) that depends linearly on X, β are 

parameters to be estimated, and ε is the standard normal distributed random error (Greene, 1997). 

The problem with the specification in (1) is that Yi
* 
is unobserved. However, in the precision 

agriculture survey for 2009, farmer respondents were asked to rank the importance (i.e., 1 to 5 

scale, 5 being very important) of the following reasons for adopting precision farming 

technologies: environmental benefits, profits, and being at the forefront of agricultural 

technology. If the ranking for environmental benefits is strictly lower than the profit motive, then 

we can assume that the unobserved Yi
* 

is below some minimum threshold μ1. If the ranking of 



6 

 

environmental benefits as a reason for adopting precision technologies is strictly higher than the 

profit motive, then we can know that the unobserved  Yi
* 

is above a maximum threshold μ2. 

Lastly, if the ranking of environmental benefits as a reason for adopting precision technologies is 

equal to the profit motive, then the unobserved Yi
* 
is in between the minimum (μ1) and maximum 

(μ2) thresholds.  

With the observed ranking structure above, one can represent the unobserved index that 

represent the importance of environmental benefits as follows:  

(2)          Yi = 1           if   Yi
*
<μ1 

Yi = 2           if   μ1<Yi
*
< μ2 

Yi = 3           if   μ2<Yi
*
. 

Given the ordinal nature of the observed variable in (2), a proportional odds model (or what is 

more commonly known as an ordered logit model) can be used to empirically examine the 

factors that influence environmental motives as a reason for adopting precision technologies. 

 

Estimation Methods: Proportional Odds Model POM (Ordered Logit)  

The proportional-odds (or cumulative) logit model is a common model for an ordinal response 

variable based on the assumption that the slope of coefficients does not vary over different 

alternatives except after passing the cut-off points (McCullagh and Nelder, 1989, Peterson and 

Harrell, 1990). The structure of the ordinal dependent variable in (2) indicates that we can 

categorize the farmer respondents as follows: “profit oriented” if Yi = 1, “indifferent” if Yi = 2, 

and “environmentally responsible” if Yi = 3. In order to estimate (1) given the ordinal dependent 

variable in (2), some of the threshold values need to be fixed, thus the lowest value is set at 

minus infinity μ1=-∞, and the highest value is set at plus infinity μ2=+∞. Then, 
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(3)  * '

1 1Pr[ ] Pr[ ] Pr[ ]i j i j j i jY j Y X               

    ' '

1Pr[ ]j i jX X           

    ' '

1( ) ( )j i j iF X F X       ,      

where F is the cdf of εi. 

The marginal effects in the probabilities are computed as (Cameron and Trivedi, 2005): 

(4)      ' '

1

Pr[ ]
{ '( ) '( )}i

j i j j

i

Y j
F X F X

X
    

 
   


,  

where F' denotes the derivative of F. For the ordered logit model, ε is logistically distributed 

with   
(1 )

( )
z

z
e

e
F z 

 .
 
Assuming a linear utility function and choice probabilities that depend only 

on observed individual-specific characteristics (Judge et al., 1985), the proportional-odds model 

is defined as: 

 (5)  
Pr[ ]

log [Pr( )] log
Pr[ ]

i
it i e j i

Y j
Y j X

Y j
 


    


, 

where the odds ratio  
Pr[ ]

Pr[ ]

iY j

Y j




 denotes the ratio of the probability of adopting PF to the 

probability of not adopting PF, conditional on the vector X of explanatory variables. In this 

study, we have specified 3 ordinal choices (j=1, 2, and 3). Thus the cumulative logit model can 

be represented with 2 intercepts (μ1 and μ2), instead of one intercept, as would be the case for the 

binary choice model. 

Robustness Checks 

The POM described above is very restrictive because it assumes that all variables meet the 

proportional odds/parallel lines assumption (Williams, 2006). This implies that all coefficients 

(except the intercepts) would be the same except for sampling variability (Williams, 2006). To 
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deal with this problem, the following solutions have been suggested: a) implement a less 

parsimonious non-ordinal alternative, such as multinomial logit, b) apply a generalized ordered 

logit model, that relaxes the parallel lines assumption for all variables, or c) try a more flexible 

approach: the partial proportional odds model, that relaxes the constraint of proportional odds 

only for those variables where it is violated.  

Following the Peterson and Harrell (1990), we assume a gamma parameterization of 

partial proportional odds model with a logit function, shown as: 

(6)   
exp[ ( )]

( ) ( )
1 exp[ ( )]

j i j i j

i i j

j i j i j

X T
P Y j g X

X T

  


  

  
  

   
, 

where Ti is a q×1 vector, q≤m, containing the values of degree of social responsibility on the 

subset of m explanatory variables for which the proportional odds assumption does not hold, and 

γj is a q×1 vector of regression coefficients associated only with the jth cumulative logit, and 

representing the deviations from the proportionality.   

Another way to estimate the model is via a dichotomous choice method, where the farmer 

is either more likely to adopt based on profit, or more likely to adopt based on environmental 

criteria (i.e., we do not consider the “indifferent” scenario). Due to the very small number of 

environmentally responsible farmers (only 3%), a standard logistic regression can underestimate 

the probability of rare events. Thus, we address this issue by following a rare events logit model 

as presented in King and Zeng’s (2000) study. We define an indicator variable Yi that takes on 

the value of one if the farmer values environmental benefits higher than profit, or zero if the 

farmer values profit higher than environmental benefits. The unobserved variable Yi
*
 is 

distributed according to a logistic density with mean mi, such that 
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(7)     

*

*

( )
*

( ) 2
( )

(1 )

i i

i i

Y m

Y m

e
P Y

e

 

 



, 

and for the observed variable Yi , the model becomes: 

(8) * * *

0

1
Pr( 1| ) Pr( 0 | ) ( | )

1 i
i i i i i x

Y Y Logistic Y m dY
e

 
  




     

 ,   

where parameters are calculated using maximum likelihood, assuming independence over the 

observations. The rare events logit usually yields small estimates of  )|1Pr( ii xY , unless the 

model has a very good explanatory power.  

A multinomial logit model is also utilized as a robustness check to explore the various 

factors affecting a producer’s decision to adopt PF for environmental reasons. For an individual i 

we assume a random utility model Vij
*
= Xi'βj + uij associated with the following alternatives: j=1, 

if the farmer is profit-oriented, j=2 if he/she values profit and environmental benefits equally and 

j=3 if the farmer is environmentally conscious. Again, Xi' reflects the set of observed 

characteristics, β the vector of parameters to be estimated and uij the stochastic error term. 

Assuming that the disturbances of the different combinations are independent and identically 

distributed the probability of choosing alternative j is specified as (Greene 1997): 

(9)   





k

l

li

ji

ij

X

X
P

1

'

'

)exp(

)exp(




, j=0, …, k (k=2) 

From equation (9) we can derive 

(10)     ))(exp( '

kii

ik

ij
X

P

P
   , k≠j,  

which holds for every subset of eligible combinations, including k and j.  To ensure 

identification, βj is set to zero for one of the categories, and the coefficients are then interpreted 
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with respect to this base category (Cameron and Trivedi, 2009). Again, maximum likelihood 

procedure is applied to estimate the parameters of the model. 

 

Empirical Specification 

To empirically estimate equation (1) and determine the characteristics of farmers who adopt PF 

for environmental reasons, we need to specify the explanatory variables to be included in vector 

X. Based on the precision farming literature (Banerjee et al. 2004, Roberts et al. 2008, Pandit et 

al. 2011), we first include socio-demographic variables and farm characteristics as possible 

factors that influence the decision to adopt PF for environmental reasons. Socio-economic 

variables included in the specification are: age (AGE), years of farming experience (EXPERIEN), 

and years of education (EDUC). Farm characteristics in the specification are: farm size (ACRES), 

previous years’ yield (YIELDS), and percentage of total household income from farming 

(INCOME). See Table 1 for detailed variable definitions.  

Second, we include variables associated with different management practices that a 

farmer utilizes in his/her operation, such as: use of extension publications (PUBLICAT), use of 

computers (COMPUTER), use of agricultural easements (AG EASE), variable rate input 

application (VRT), use of manure as fertilizer (MANURE), and number of years in their farm 

planning horizon (PLAN).   

Last, farmer perceptions about various aspects of precision farming are also included as 

covariates, and more specifically: whether farmers perceive environmental improvements after 

the use of precision technologies (ENVIRON), perceived importance of precision farming in the 

future (IMPORTA), and whether they believe precision farming will be profitable in the future 
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(PROFIT). Note that state dummy variables were also included in the specification to account for 

regional variations.
2
  

 

Survey and Data Description 

Our data for this study were collected from a 2009 survey sent to cotton farmers in 12 

Southeastern states: Alabama, Arkansas, Florida, Georgia, Louisiana, Mississippi, Missouri, 

North Carolina, South Carolina, Tennessee, Texas and Virginia. This survey was developed to 

query cotton producers about their attitudes toward and use of precision farming technologies 

(i.e., SSIG and VRT). Following Dillman’s (1978) general mail survey procedures, the 

questionnaire, a postage-paid return envelope, and a cover letter explaining the purpose of the 

survey were sent to each producer. The initial mailing of the questionnaire was on February 20, 

2009, and a reminder post card was sent two weeks later on March 5, 2009. A follow-up mailing 

to producers not responding to previous inquiries was conducted three weeks later on March 27, 

2009. The second mailing included a letter indicating the importance of the survey, the 

questionnaire, and a postage paid return envelope. A mailing list of 14,089 potential cotton 

producers for the 2007-2008 marketing year was furnished by the Cotton Board in Memphis, 

Tennessee. Among responses received, 1981 were counted as valid, and thus used in our study. 

We only have responses regarding the duration of use of site specific information gathering 

(SSIG) technologies, but not for the variable rate input practices.  

Of the 665 farmers who ranked the three reasons to adopt precision agriculture (i.e., 

profit, environmental benefits, and being at the forefront of technology) in 2009, 62.5% of them 

ranked profits strictly higher than any other reason for adoption (See Figure 1). About 34.1% of 

                                                           
2 The state dummy variables included in the specification are: AL, AR, FL, GA, LA, MS, MO, NC, SC, TN, VA; 

with TX as the “omitted” state to assure identification in the regression. 
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farmers valued environmental benefits equally with profit, and only 3.3% ranked the 

environmental motives strictly higher than profit. These were considered to be the 

environmentally responsible farmers in our sample.  

Table 3 summarizes the various characteristics that distinguish the more environmentally 

responsible farmers from the other groups and how these have changed over time on average. 

Environmentally conscious farmers had relatively smaller farms, participated more in 

agricultural easement programs, they had more experience in farming and they were older. As 

expected, the farmers who adopted PF mainly for environmental reasons had experienced 

improvement in environmental quality through the use of precision technologies. They tend to 

use computer in their farm management less, and a higher percentage of their income comes 

from agricultural sources. Their average yields were slightly lower than the other groups, but 

they all had higher expectations regarding the future importance of precision agriculture. 

Producers who ranked profit higher than the other reasons, in contrast, were younger, used 

University publications to obtain information about precision farming, had larger farms, and 

more years of formal education.  

 

Results 

            Proportional Odds Model (Ordered Logit) 

To determine the characteristics of farmers who adopt PF for environmental reasons, we estimate 

the proportional odds and the partial proportional odds model, both of which are nested in the 

non-proportional (generalized ordered logistic) model. The likelihood ratio test of proportionality 

of odds across response categories is statistically insignificant (χ
2
 (25) = 30.94 with Prob> χ

2 
= 

0.1911), indicating that the parallel regression assumption has not been violated. The statistics 
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under the gamma parameterization suggest that the partial proportional odds model (PPOM) may 

be as well appropriate to use (χ
2 

(28) = 13.34 with Prob> χ
2 

= 0.9603). Moreover, the Wald tests 

indicate that all variables satisfy the proportionality tests (i.e., variables whose effects 

significantly differ across equations).Given the results of the Wald tests, the proportional odds 

model (POM) or the cumulative logit model may be the best alternative to use. To further test the 

specification of the model, we conducted a RESET test. The RESET test indicates a non 

significant χ
2
 statistic for specification error (chi-squared of 0.11 with a p-value of 0.7387) and 

suggests that the POM model provides a good fit with low specification error. 

The average marginal effects along with their delta standard errors in parentheses are 

presented in Table 2. The parameter estimates cannot reveal the effect of changes in explanatory 

variables on the dependent variable, holding other factors constant. Thus, we calculated the 

marginal effects of the independent variables on the probability of reporting environment as the 

most important reason to adopt precision technologies. The high number of discrete, and 

particularly binary variables, raised an issue of multicollinearity. Multicollinearity diagnostics 

indicated a mean VIF (Variance Inflation Factor) of 1.35 and Tolerance levels between 0.74 and 

0.94
3
. The only correlation coefficients that did not follow the condition indices were AGE and 

EXPERIEN, both of which were statistically insignificant in our estimation analysis. 

Of the statistically significant marginal effects, perceived improvements in environmental 

quality (ENVIRON), expected importance of precision agriculture 5 years from now 

(IMPORTAN), and farmers that have agricultural easements (AG_EASE), are more likely to 

make their PF adoption decisions based mostly on environmental reasons.  Farmers, who 

                                                           
3
 A commonly given rule of thumb is that VIFs of 10 or higher (or equivalently, tolerances of .010 or less) may be 

reason for concern (Ender, P., UCLA) 
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participate in agricultural easement programs, may be less concerned about losses that would risk 

their farm’s economic viability, thus value environmental motivations higher. In contrast, the use 

of university publications (PUBLICAT) as a means to obtain PF information, as well as the use 

of computer in farm management (COMPUTER) both negatively affect the probability that a 

farmer would adopt precision farming technologies for its potential to improve environmental 

outcomes. Interestingly, more educated farmers (EDUC) are less likely to adopt for 

environmental reasons. We would expect that college degree respondents are more aware of the 

potential environmental benefits of precision technologies and would more likely adopt for this 

reason. 

The positive effect of the ENVIRON variable suggests that farmers that perceive 

improvements in the environment due to precisions technologies are the ones that adopt these 

same technologies for environmental reasons. This is consistent with the work of Pandit et al. 

(2011) where they also found a strongly significant positive coefficient. Although there seem to 

be a strong relationship between these two variables, one has to question whether this is more of 

“correlation” rather than “causation”. That is, there could be simultaneity such that the “flipside” 

relationship may be true as well – farmers who adopt for environmental reasons are the ones 

more likely to perceive environmental improvements. This may be a topic for future study 

because we cannot address this issue here due to data constraints (i.e., lack of instrumental 

variables).  

Farmers who expect that precision technologies will be important five years from now 

(IMPORTA) and those who use agricultural easements (AG EASE) are also the ones more likely 

to adopt PF for environmental reasons based on the marginal effects in Table 2. The positive 

effect of IMPORTA suggests that the importance of PF in the future may be linked to 
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environmental outcomes. The observed positive AG EASE is reasonable since farmers that have 

agricultural easements are typically more inclined to protect the environment, and consequently 

adopt environmentally-friendly practices. 

 The negative sign of the variable signifying use of university publications is somewhat 

unexpected. A priori we expect this variable to increase the likelihood of adopting PF for 

environmental reasons because these types of publications often emphasize the potential positive 

environmental benefits of the technology (i.e., minimization of over or under application of 

chemical inputs based on location-specific conditions). Nevertheless, the negative relationship 

may have resulted from the way we constructed the variable PUBLICAT. There were a 

substantial number of farmers who answered “do not know” in the question of whether they used 

University publications in order to obtain information about precision farming. These 

respondents were not dropped from the model but were incorporated to the “no” respondents 

(i.e., no use of publications), taking on the value of zero.  

 

Robustness Check Results: Rare Events Logit and Multinomial Logit 

Robustness checks using the rare events logit and multinomial logit approaches provide results 

that are fairly consistent with the POM results above. In the rare events logit, along with 

PUBLICAT, the variable COMPUTER had a statistically significant negative effect on the 

likelihood of a farmer adopting PF for environmental reasons, while the AG EASE variable still 

exhibited a statistically significant positive effect (Table 5). The negative parameter estimate for 

the COMPUTER is somewhat expected given the results in Pandit et al. (2011) that computer use 

is more likely to be associated with the profit motive rather than the environmental goals for 

adopting precision technologies. Farmers who use computers for farm management purposes are 
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typically the ones who only adopt new technologies if these contribute positively to profits. In 

addition, a shorter planning horizon is more likely to be associated with environmentally 

conscious farmers.  For the multinomial logit estimates, presented in Table 4, ENVIRON, 

COMPUTER, PUBLICAT, EDUC and AG EASE are still statistically significant and follow the 

same sign as in the POM approach.  These robustness check results suggest that these variables 

consistently have a strong statistically significant effect on the likelihood of adopting PF for 

environmental reasons, regardless of the estimation approach.  

 

Summary and Conclusions 

Our study provides further understanding about the environmental aspect of precision technology 

adoption: adoption driven by environmental motivations. An advantage of this study is that 

farmers were asked about reasons driving “real” adoption that had already occurred, contrary to 

most studies which focus on factors affecting farmers’ expected adoption. Exploring the 

financial and socio-economic factors affecting farmers’ technology adoption decisions and their 

perceptions towards the technology and environment, can help policy makers design schemes 

that would improve adoption rates of precision agriculture and the effectiveness of policies 

aimed at environmental awareness.  

We examined characteristics of producers who adopt precision farming primarily for 

environmental reasons. Cotton farmers from the Southeastern region were asked about the 

importance of potential profit and environmental benefits of the technology in their adoption 

decisions. Based on the ranking, we constructed a variable that measured the degree of farmers’ 

environmental responsibility (i.e., how they value environmental benefits compared to profit 

maximization), and we then related these to farm characteristics through various regression 
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methods. In particular, a proportional odds model (POM) was utilized to estimate the factors 

affecting the role of environmental responsibility on the technology adoption. Our analysis 

showed that personal and structural factors play an important role in the adoption of precision 

technologies for environmental reasons. The estimated marginal effects indicate that the 

participation in agricultural easement programs, the perceived importance of PF in the future, as 

well as the perceived improvement in environmental quality following the PF use, all positively 

influence the decision to adopt for environmental reasons. In contrast, educational attainment 

only had a positive impact on adoption based on profit motives, although educated farmers are 

better informed not only about technologies itself, but also about the detrimental effects of 

unsustainable practices (Ervin and Ervin, 1982). Similarly, farmers who used University 

Publications to acquire information about precision agriculture are more likely adopt based on 

profit maximizing criteria. These results suggest that there may be a need for further technical 

advice and information from Extension focusing on environmental benefits of precision 

agriculture. Regarding the importance of perceptions on decision making, farmers’ perceptions 

can be shaped from regional policy makers or other networks towards environmental awareness, 

thus knowing whether they play a significant role in adoption can influence the effectiveness of 

informal information as well as social networks (Defrancesco et al, 2006). Moreover, researchers 

can direct this information to the social channels that would make farmers more aware of the 

environmental benefits of PF.  

An implication for the policymakers is that while the vast majority of cotton farmers in 

the Southeastern U.S. region are strongly motivated by profits (as would be expected), there are 

still environmentally-minded cotton farmers who practice precision farming. For future work, it 

may be interesting to explore the underlying motivation for adopting precision technologies 



18 

 

based on environmental reasons. Are these farmers truly altruistic such that they want to adopt 

precision technologies purely for environmental reasons and therefore providing positive 

externalities to society? Or are there still long-term, private motives driving these decisions such 

as the desire to bequeath a high quality (i.e., non-degraded) and environmentally sustainable 

farm to future generations (i.e., their heirs). Are the farmers who adopted for environmental 

reasons doing this to avoid future regulations? Exploring these issues in the future may require a 

more dynamic framework.  Future research may also explore the role of social capital in farmers’ 

level of environmental consciousness in addition to the human capital and farm physical 

characteristics. One could investigate whether farmers with more social capital (i.e., social 

networking coming from farm dealers, crop consultants, other farmers, news/media, etc.) and 

better community organization are more willing to adopt based on environmental criteria. 

Extending our study to account for knowledge of marketing and pricing methods (i.e., whether 

the farmer used conventional prices, including future prices or cost of production as a source of 

pricing information) would help also help further understand precision farming producers who 

are motivated by environmental goals. 
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APPENDIX 
 

Table 1: Summary Statistics of the Variables  

Variables Description Mean Std. Dev. Min Max 

ADOPT Farmer adopted PF because he ranks environment higher than profit (yes=1; no=0) 0.033 0.178 0 1 

ADOPT_2 Farmer adopted PF because he ranks profits higher than environment (y=1), ranks 

environment equal to profit (y=2), and ranks environment higher than profit (y=3) 

1.407 0.555 1 3 

ENVIRON Farmer perceived improvement in environmental quality through the PF use (yes=1; no=0) 0.202 0.402 0 1 

ACRES Total acreage of dry land (sum of rented and owned acres) for the 2007 crop season 653.88 957.22 0 18425 

YIELDS  Estimate of average cotton lint yield per acre for 2007 crop season 837.29 735.38 0 3600 

EDUC Number of Years of Formal Education excluding kindergarten 14.16 2.521 0 25 

AGE Age of the farm operator (as of the 2009 survey year) 56.09 12.69 23 95 

EXPERIEN Number of Years farming 31.63 13.52 0 79 

IMPORTA Farmer perceived that precision farming would be important in five years from now  

(yes=1; no=0) 

0.846 0.360 0 1 

PROFIT Farmer perceived that PF would be profitable to use in the future (yes=1; no=0) 0.534 0.498 0 1 

INCOME Percentage (%) of 2007 taxable household income coming only from farming sources 72.24 29.45 0 100 

COMPUTER Farmer uses computer for farm management (yes=1; no=0) 0.537 0.498 0 1 

MANURE Farmer applied manure on his/her fields (yes=1; no=0) 0.181 0.385 0 1 

PUBLICAT Farmer used University publications to obtain PF information (yes=1; no=0) 0.348 0.476 0 1 

AG EASE The farm currently has agricultural easement (yes=1; no or don’t know=0) 0.085 0.279 0 1 

VRT Farmer applied his inputs at a variable rate (yes=1; no=0) 0.249 0.432 0 1 

PLAN Years to plan farming in the future 3.749 1.553 1 5 
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Table 2: Parameter Estimates and Marginal Effects of the Covariates using Ordered Logit Model 

Variables Coefficients 

(St.E) 

Average Marginal Effects  

(St.E) 

Profit Oriented 

(Y=1) 

Indifferent 

(Y=2) 

Socially Responsible 

(Y=3) 

ACRES -0.00006  

(0.0001) 

0.00001  

(<0.001) 

-0.00001  

(<0.001) 

-2.49e-06  

(4.20e-06) 

YIELDS 0.00004  

(0.0001) 

-9.47e-06  

(<0.001) 

7.77e-06  

(<0.001) 

1.69e-06  

(5.70e-06) 

PUBLICAT  -0.424 *  

(0.224) 

0.085 * 

 (0.044) 

-0.070 *  

(0.036) 

-0.015 *  

(0.008) 

COMPUTER -0.347  

(0.243) 

0.070 

(0.048) 

-0.057  

(0.040) 

-0.012  

(0.009) 

ENVIRON  1.121 ***  

(0.226) 

-0.226 ***  

(0.041) 

0.185 ***  

(0.034) 

0.040 ***  

(0.011) 

VRT 0.005  

(0.228) 

-0.001  

(0.046) 

0.0009  

(0.037) 

0.0002  

(0.008) 

IMPORTAN  1.122 *  

(0.573) 

-0.226 **  

(0.114) 

0.185 **  

(0.093) 

0.040 *  

(0.022) 

PROFIT -0.286  

(0.284) 

0.057  

(0.057) 

-0.047  

(0.046) 

-0.010  

(0.010) 

INCOME -0.003  

(0.004) 

0.0006  

(0.0008) 

-0.0005  

(0.0006) 

-0.0001  

(0.0001) 

AG EASE 0.769 **  

(0.342) 

-0.155 **  

(0.067) 

0.127 **  

(0.055) 

0.027 **  

(0.013) 
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PLAN -0.082  

(0.067) 

0.016  

(0.013) 

-0.013  

(0.011) 

-0.002  

(0.002) 

MANURE -0.226  

(0.243) 

0.045  

(0.048) 

-0.037  

(0.040) 

-0.008  

(0.008) 

EXPERIEN 0.003  

(0.016) 

-0.0007  

(0.003) 

0.0006  

(0.002) 

0.0001  

(0.0005) 

AGE 0.003  

(0.017) 

-0.0006  

(0.003) 

0.0005  

(0.002) 

0.0001  

(0.0006) 

EDUC  -0.102 ** 

 (0.046) 

0.020 **  

(0.009) 

-0.017 **  

(0.007) 

-0.003 **  

(0.001) 

Cutoff_1 -0.317 (1.055)    

Cutoff_2 2.758 (1.073)    

Note: *** p<0.01, ** p<0.05, * p<0.1 
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Table 3: Marginal Effects of the Covariates for each Outcome using Ordinal Logistic Regression Models 

 NPOM (Generalized Ordered Logit) PPOM (Gamma) 

Variables Profit Oriented  

(Y=1) 

Indifferent 

(Y=2) 

Socially  

Responsible (Y=3) 

Profit Oriented 

(Y=1) 

Indifferent 

(Y=2) 

Socially  

Responsible (Y=3) 

ACRES 0.00001 

(<0.001) 

-0.00001 

(<0.001) 

0.0001  

(0.0006) 

0.00001 

(<0.001) 

-0.00001 

(<0.001) 

-2.55e-06 

(4.16e-06) 

YIELDS -9.84e-06 

(<0.001) 

8.09e-06 

(<0.001) 

1.75e-06  

(5.65e-06) 

-9.84e-06 

(<0.001) 

8.09e-06 

(<0.001) 

1.75e-06 

(5.65e-06) 

PUBLICAT  0.084 *  

(0.044) 

-0.069 * 

(0.036) 

-0.015 *  

(0.008) 

0.084 *  

(0.044) 

-0.069 * 

(0.036) 

-0.015 * 

(0.008) 

COMPUTER 0.040  

(0.049) 

0.021 

(0.047) 

-0.062 **  

(0.021) 

0.040  

(0.049) 

0.021  

(0.047) 

-0.062 ** 

(0.021) 

ENVIRON  -0.229 *** 

(0.041) 

0.188 *** 

(0.034) 

0.040 ***  

(0.011) 

-0.229 *** 

(0.041) 

0.188 *** 

(0.034) 

0.040 *** 

(0.011) 

VRT -0.001  

(0.046) 

0.0008 

(0.037) 

0.0001  

(0.008) 

-0.001  

(0.046) 

0.0008  

(0.037) 

0.0001 

(0.008) 

IMPORTAN  -0.223 ** 

(0.113) 

0.183 ** 

(0.093) 

0.039 *  

(0.021) 

-0.223 ** 

(0.113) 

0.183 ** 

(0.093) 

0.039 * 

(0.021) 

PROFIT 0.058  

(0.056) 

-0.047 

(0.046) 

-0.010  

(0.010) 

0.058  

(0.056) 

-0.047  

(0.046) 

-0.010 

(0.010) 

INCOME 0.0006  

(0.0008) 

-0.0005 

(0.0006) 

-0.0001  

(0.0001) 

0.0006 

(0.0008) 

-0.0005 

(0.0006) 

-0.0001 

(0.0001) 

AG EASE -0.156 ** 

(0.068) 

0.128 ** 

(0.056) 

0.027 **  

(0.013) 

-0.156 ** 

(0.068) 

0.128 ** 

(0.056) 

0.027 ** 

(0.013) 

PLAN 0.014  

(0.013) 

-0.012 

(0.011) 

-0.002  

(0.002) 

0.014  

(0.013) 

-0.012  

(0.011) 

-0.002 

(0.002) 
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MANURE 0.044  

(0.049) 

-0.036 

(0.040) 

-0.007  

(0.008) 

0.044  

(0.049) 

-0.036  

(0.040) 

-0.007 

(0.008) 

EXPERIEN -0.0007  

(0.003) 

0.0006 

(0.002) 

0.0001  

(0.0005) 

-0.0007  

(0.003) 

0.0006  

(0.002) 

0.0001 

(0.0005) 

AGE -0.0006  

(0.003) 

0.0005 

(0.002) 

0.0001  

(0.0006) 

-0.0006  

(0.003) 

0.0005  

(0.002) 

0.0001 

(0.0006) 

EDUC  0.024 **  

(0.009) 

-0.028 ** 

(0.009) 

0.003  

(0.004) 

0.024  

(0.009) 

-0.028 ** 

(0.009) 

0.003 

(0.004) 

Note: *** p<0.01, ** p<0.05, * p<0.1 
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Table 4: Marginal Effects of the Covariates of Each Outcome using Multinomial Logit Model  

 Profit Oriented (Y=1) Indifferent (Y=2) Socially Responsible (Y=3) 

Variables Average Marginal Effects (St.E) Average Marginal Effects (St.E) Average Marginal Effects (St.E) 

ACRES 0.00001 (<0.001) 2.94e-06 (<0.001) -0.00001 (<0.001) 

YIELDS -9.16e-06 (<0.001) 0.00001 (<0.001) -3.53e-06 (<0.001) 

PUBLICAT  0.073 (0.046) -0.035 (0.046) -0.037 * (0.020) 

COMPUTER 0.035 (0.050) 0.010 (0.050) -0.045 ** (0.019) 

ENVIRON  -0.230 *** (0.042) 0.206 *** (0.042) 0.023 (0.017) 

IMPORTAN -0.413 (24.648) -0.064 (22.862) 0.478 (47.509) 

PROFIT 0.057 (0.058) -0.047 (0.058) -0.010 (0.022) 

INCOME 0.0007 (0.0008) -0.001 (0.0008) 0.0004 (0.0004) 

AG EASE  -0.133 * (0.071) 0.084 (0.070) 0.049 ** (0.025) 

PLAN 0.010 (0.014) -0.001 (0.014) -0.008 * (0.005) 

MANURE 0.030 (0.050) -0.008 (0.050) -0.022 (0.021) 

EXPERIEN -0.0009 (0.003) 0.0004 (0.003) 0.0004 (0.001) 

AGE -0.0003 (0.003) 0.00001 (0.003) 0.0003 (0.001) 

EDUC  0.026 ** (0.009) -0.030 *** (0.009) 0.004 (0.003) 

Note: *** p<0.01, ** p<0.05, * p<0.1 
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Table 5: Parameter Estimates of the Covariates using Rare Events Logit & Binary Logit Model 

  

Variables
 

Rare Events Logit (N=491) Binary Logit (N=491) 

CONSTANT -5.510 ** (2.591) -6.409 ** (2.992) 

ACRES -0.0002 (0.0003) -0.0003 (0.0004) 

YIELDS -0.00001 (0.0004) -0.00001 (0.0004) 

PUBLICAT  -1.055 ** (0.501) -1.291 ** (0.613) 

COMPUTER  -1.233 ** (0.534) -1.425 ** (0.590) 

ENVIRON  0.673 (0.598) 0.777 (0.583) 

PROFIT -0.156 (0.582) -0.103 (0.675) 

IMPORTAN N/A N/A 

VRT 0.831 (0.520) 1.016 (0.620) 

EXPERIEN 0.013 (0.050) 0.023 (0.046) 

INCOME 0.011 (0.009) 0.015 (0.012) 

AG EASE  1.472 ** (0.656) 1.660 ** (0.771) 

PLAN -0.240 (0.150) -0.282 * (0.162) 

MANURE -0.388 (0.667) -0.542 (0.652) 

AGE 0.013 (0.048) 0.006 (.049) 

EDUC 0.114 (0.112) 0.133 (0.121) 

Note: *** p<0.01, ** p<0.05, * p<0.1 

 

 

 

 

 


