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ABSTRACT

Agricultural nitrogen runoff contributes around 45% of nitrogen entering the
Chesapeake Bay, significantly affecting its water quality. Despite various efforts, the
2025 water quality goal for the Chesapeake Bay Watershed has not yet been achieved.
In-season nitrogen modeling tools (NMTs) help farmers optimize nitrogen application,
improve Nitrogen Use Efficiency, and reduce environmental nitrogen loss. However,
the adoption of NMTs among U.S. farmers is low. While existing studies have
explored factors influencing best management practices, nutrient management
practices, and agricultural technology adoption, little is known about factors that
influence farmers’ adoption decisions specifically on the use of NMT. This study
examines the role of perceived important factors (e.g., economics, time, and
environment) and perceived barriers (e.g., resources and information) in current and
future NMT adoption decisions. A mail survey was conducted among 204 grain
farmers in the Mid-Atlantic region of the United States. To bring more clarification on
quantitative results, a semi-structured interview was conducted among 20 farmers.
Survey data were analyzed using exploratory factor analysis and ordered logistic
regression models, and interview data were analyzed using thematic analysis. Survey
results showed that the importance farmers placed on time investments was positively
correlated with current adoption and the likelihood of future adoption. Additionally,
the influence of environmental awareness and compliance importance, time
investment importance, belief barriers, and equipment and technology barriers on

farmer adoption decisions for NMT varied by farm size. Farmers with larger cropland

Xi



area were more likely to adopt NMT both currently and in the future. Farmers’
enrollment in the Conservation Reserve Program, Conservation Stewardship Program,
and State Agriculture Cost-Share Program was found to influence their adoption
decisions. Through qualitative analysis, we found that farmers considered NMT as a
time and accuracy-efficient tool once they were initially set up, and they were willing
to invest additional time if the tools proved profitable. These findings inform
organizations such as the U.S. Department of Agriculture (USDA) and the Mid-
Atlantic 4R Alliance, which promote nutrient management and NMT adoption, to
emphasize the time-saving and cost-saving benefits of NMT and design programs that

address adoption barriers based on farm size.
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Chapter 1

INTRODUCTION

In 2023, approximately 247.6 million pounds of nitrogen entered the
Chesapeake Bay (Chesapeake Bay Program 2024a). These excess nutrients contribute
to the formation of harmful algae blooms, which block sunlight from reaching
underwater vegetation and lead to the development of oxygen-depleted “dead zones”
(Chesapeake Bay Program 2024b). This excessive nitrogen (N) loading is negatively
impacting the Bay’s water quality (Chesapeake Progress 2023) and adversely affecting
the health of its ecosystem (Chesapeake Bay Foundation 2022). Despite various
efforts by the Environmental Protection Agency, the required nitrogen load reduction
to meet the 2025 water quality goal for the Chesapeake Bay Watershed (CBW)
(214.88 million pounds) has not yet been achieved (Boesch 2019; Ritter 2019).
Leaching or run-off nitrogen from agricultural fields is one of the major sources of
nitrogen loading in the Chesapeake Bay, contributing around 45% of the nitrogen
delivered in the Bay (Chesapeake Progress 2023). Research has shown that excessive
application of nitrogen fertilizers, above the required rate, leads to significant nutrient
leaching (Goulding et al. 2000). Furthermore, the Nitrogen Use Efficiency (NUE) of
crops, for example, global cereal production, is found to be quite low, around 33%
(Raun and Johnson 1999). Thus, appropriate nutrient management—applying the Right

Source of nutrients at the Right Rate, at the Right Time, and in the Right Place (known



as the 4Rs!)—is crucial to enhance nitrogen use by crops and reduce N loss to the
environment (Johnston and Bruulsema 2014).

One 4R practice that can improve nitrogen efficiency is the use of in-season
nitrogen modeling tools (NMTs). NMTs are cloud-based software that aggregate data
on local weather, site location, and crop conditions to calculate the optimal nitrogen
required for crops in real-time situations. These decision support tools aid farmers in
applying nitrogen at the right rate, place, and time while increasing marginal return,
improving NUE, and reducing environmental nitrogen loss (Wang et al. 2021; Cui et
al. 2011; Sela et al. 2017).

Despite promotion as a 4R nutrient management practice (NMP)), it is
anecdotally known that there is low adoption of NMTs among U.S. farmers. This is
not surprising given prior evidence that farmers’ adoption of other nitrogen
management practices is also low (DeLay et al. 2022). Even the farmers who are
adopting other NMPs are not consistently using them across all of their farm fields
(Ulrich-Schad et al. 2017). Given the demonstrated private and public benefits of
NMTs, it is crucial to understand the adoption decisions of farmers for NMTs to
support the mitigation of nitrogen leaching and improve the CBW water quality. This
study addresses four key research questions to contribute to the NMT literature and
inform policy: (1) How important do farmers consider various factors, such as
economic implications, environmental concerns, and time use, in their adoption
decision for NMTs? (2) How do the identified important factors influence the adoption

of NMTs? (3) What barriers, such as resource barriers and information barriers, do

I The 4R’s of nutrient management practice are a suite of Best Management Practices (BMPs) that
guide farmers to apply nutrients from the right source, at the right rate, right time, and right place.



farmers perceive that limit the adoption of NMTs? (4) How do the identified perceived
barriers influence the adoption of NMTs?

Prior literature has shown factors such as environmental concerns, economic
factors, management decisions, the threat of regulation, farm characteristics, and
beliefs affect the adoption decisions of farmers for BMPs (Ulrich-Schad et al. 2017;
Ghazalian, Larue and West 2009), NMPs (Osmond et al. 2015; Baumgart-Getz et al.
2012), as well as agricultural technologies (Lambert et al. 2015). Studies have
highlighted economic factors such as yield improvement and cost reduction as
important attributes in farmers’ decisions to adopt precision agricultural technologies
(Thompson et al. 2019) and agricultural Best Management Practices (BMPs) (Ulrich-
Schad et al. 2017). Similarly, farmers who place importance on environmental
concerns are found more likely to adopt NMPs such as the corn N rate calculator (Gao
and Arbuckle 2022). Our study extends the literature by examining the importance of
different factors, such as economic, environmental awareness and compliance, and
time investment, in the adoption decision for NMTs.

Furthermore, existing literature has identified different factors as barriers to the
adoption of NMT. The time demand of practices has been found as a barrier to the
adoption of conservation practices such as cover crops (Reimer, Weinkauf and
Prokopy 2012). Ulrich-Schad et al. (2017) illustrated that farmers are not likely to
adopt the NMPs, such as conducting soil tests and nutrient management plans, when
they consider the lack of access to the required equipment important in their adoption
decision. Moreover, barriers (e.g., resource barriers or uncertainty) can vary across
different nitrogen management practices (Rudnick et al. 2023). Our study extends

literature on adoption barriers by exploring the extent of limitations that different



perceived barriers, such as resource barriers or information barriers, have on the
farmer’s adoption decision for NMTs.

The theory of Planned Behavior, formulated by Ajzen (1991), has shown how
the attitude toward the behavior, subjective norms, and perceived behavioral control
determine human intention, which eventually drives their behavior. Furthermore,
McCormack et al. (2022) suggested that psychological factors such as perceived
usefulness and perceived ease of use have a positive influence on the farmer’s attitude
toward the future likelihood of adopting a nutrient management plan. Here, perceived
usefulness reflects that a nutrient management plan is important to farming needs,
increases production and profit, and is better than none, and perceived ease of use
reflects that a nutrient management plan saves time and is easy to understand and use.
Furthermore, behavioral factors such as self-efficacy and perceived capacity become
barriers to the adoption of 4-R nutrient management practices when farmers do not
have the belief in themselves that they can reduce nutrient loss (Upadhaya, Arbuckle
and Schulte 2023). Ramsey et al. (2019) elucidated that farmers’ perceptions of yield
risk have negative impacts on the adoption of agricultural conservation practices,
while perceptions of environmental benefits have a positive impact. Our study further
explores how the farmer’s attitude toward the importance of different factors and
barriers influences the adoption decision regarding NMT.

To date, there are a few studies on the factors influencing the farmer adoption
decision regarding NMPs, BMPs, and agricultural technologies. Specifically, these
studies have addressed the impact of factors such as socioeconomics, beliefs, farm and
operator characteristics, information access, farm resources, and the environment on

the adoption of NMP, BMP, and agriculture technologies in general (Paudel et al.



2008; Lambert et al. 2015; Rudnick et al. 2023; Giampietri et al. 2020; Luther et al.
2020). However, to our knowledge, no studies to date have explored farmers’
perception of the importance of different factors (e.g., economic, environmental, and
time) or perceived barriers (e.g., resource barrier and information barrier) and their
role in farmers’ adoption decisions, precisely on the use of NMTs.

Previously, some studies have incorporated both the future likelihood of
adoption and current adoption status as a categorical measure of adoption (Zhang et al.
2016) , whereas some have focused their study solely on either the current state of
adoption (Luther et al. 2020) or future likelihood of adoption (McCormack et al.
2022). In this study, we have estimated separate models for the current adoption status
and future likelihood of the adoption decision of farmers to better understand what
drives the current adoption level of NMT and what might encourage further adoption
in the future. Therefore, firstly, we explore the farmers’ perception of the importance
of different factors and their correlation with current and future adoption decisions for
NMT, respectively. Secondly, we examine the extent of the limitation of different
barriers to the use of NMT and their association with current and future adoption
decisions for NMT, respectively.

We used data from a mail survey of 204 farmers in the Mid-Atlantic region of
the United States (Delaware, Maryland, Pennsylvania, and Virginia) from December
2021 through January 2022. Data was first analyzed through factor analysis to obtain
latent important factors and perceived barriers, respectively, which were then further
analyzed using the ordered logistic regression models. Moreover, we incorporated the
data from the semi-structured interview, which was conducted among 20 Delaware

and Pennsylvania farmers from February 2025 through March 2025. Overall, this



study aimed to provide insight into the farmers’ perceptions of important factors and
barriers and their role in their decision-making for the adoption of NMT.

The findings from this study may assist policymakers and stakeholders, such as
the Mid-Atlantic 4R Alliance, the U.S. Department of Agriculture (USDA), etc., in
designing programs to improve nutrient management. Additionally, the results may
provide valuable insight for organizations, such as the Mid-Atlantic 4R Alliance, that
promote the use of NMTs, on strategies to better communicate and inform farmer
perspectives. Understanding the role of various factors in farmers’ decisions to adopt
NMTs could assist stakeholders and organizations in identifying and addressing key
drivers and barriers to adoption. Ultimately, these insights could contribute to reducing
agricultural nitrogen runoff by emphasizing promotions to help overcome those
barriers that are highly limiting farmers from adopting these tools, as well as targeting
promotion campaigns that focus on the most valuable factors in farmer adoption
decisions.

The subsequent sections of this paper are organized in the following way. In
Chapter 2, we present a review of the relevant literature related to our research
question and hypothesis. In Chapter 3, we define our hypotheses and methodology,
including data collection, econometric model, and statistical analysis. Chapter 4
presents the results that were obtained from statistical analysis laid out in the methods
and hypotheses section. Chapter 5 summarizes and discusses the findings and

concludes the thesis by highlighting key insights and their implications.



Chapter 2

BACKGROUND

2.1 Nitrogen Loading in the Chesapeake Bay and Agriculture Runoff

The Chesapeake Bay, the largest and historically most productive estuary in
the United States, spans approximately 200 miles in length and up to 34 miles at its
widest point (Cestti et al. 2003). The Bay’s watershed covers parts of six states —
Delaware, Maryland, New York, Pennsylvania, Virginia, West Virginia, and the
District of Columbia (Cestti et al. 2003). Nitrogen enters the Chesapeake Bay from
various sources, such as wastewater, runoff, and air pollution, and fuels harmful algae
blooms that prevent the sunlight from reaching underwater grasses. And, when algae
bloom decompose, they create low-oxygen “dead zones”, suffocating the marine life
(Chesapeake Bay Program 2024b). The total nitrogen entering the Bay decreased from
297.8 million pounds in 2009 to 247.6 million pounds in 2023 (Chesapeake Bay
Program 2024a). The states of Delaware, Maryland, New York, Pennsylvania,
Virginia, West Virginia, and the District of Columbia have achieved 9%, 100%, 83%,
65%, 29%, 80%, and 100% of the 2009-2025 nitrogen reduction goal, respectively
(Chesapeake Bay Program 2024a). However, the 2025 nitrogen load reduction target,
i.e., 214.88 million pounds, has been yet to be achieved (Chesapeake Progress 2023).

Agriculture is a significant source of nitrogen pollution in CBW, contributing
111.29 million pounds, which is approximately 45% of the total nitrogen delivered to
the Bay (Chesapeake Progress 2023). The applied Nitrogen is converted into nitrate,

which is prone to leaching beyond the soil-plant system and into water bodies,



exacerbating pollution concerns (Bijay-Singh and Craswell 2021). This issue becomes
even more critical as the population is rising steadily, which is causing an increase in
nutrient use in crop production to meet the rising food demand (Nesme, Metson and

Bennett 2018).

2.2 In-season Nitrogen Modeling Tools

Nitrogen management in crop fields presents significant challenges, as the
precise application of nitrogen in the field depends on various factors, including
weather conditions, existing soil nitrogen levels, and crop growth conditions.
Managing these factors manually is laborious, and some data are beyond the control of
farmers. In-season N modeling tools, which are cloud-based software, can address
these challenges by using soil characteristics, nutrient application, crop growth, and
real-time site-specific weather conditions to determine the optimal nitrogen rate
required for crops throughout the growing season (Twining and Agri-Service 2024).
The use of model-based in-season economic optimal N rate (EONR) has shown the
considerable potential to increase yield—based marginal returns to N application rate
by $120-183 per hectare compared to farmers’ N rates, and by $0 — 83 per hectare
compared to regionally determined optimal N rates, while improving nitrogen use
efficiency by 8-71% and 1-38%, respectively, without negatively impacting the crop
yield (Wang et al. 2021). Thompson et al. (2015) found that employing active canopy
sensing for in-season nitrogen management in corn led to higher nitrogen use
efficiency while crop modeling (Maize-N) better-protected yield, suggesting that a
combined approach may optimize nitrogen application decision. Similarly, a dynamic
simulation-based N management tool, Adapt-N, has been observed to significantly

reduce N application, produce higher or comparable yields, and reduce environmental



N losses relative to the Maximum Return to N approach (MRTN) approach, a static N
management which estimates the most profitable N rate quantifying the relationship
between N rate and yield (Sela et al. 2017). Cui et al. (2011) observed a 75.6%
reduction in nitrogen loss in wheat production using an in-season nitrogen
management strategy which involved the application of the optimal nitrogen fertilizer

rate.

2.3 Adoption Status of NMP, BMP, and Agricultural Technologies in U.S.

The existing research shows relatively low levels of adoption of NMPs, BMPs,
and precision agricultural technology in the US, even though levels vary depending on
the specific practice or technology being studied and the study area.

In a 2005 survey of 1215 cotton farmers across 11 southern states of the U.S.,
only 9% (98 farmers) were using Remote Sensing for Variable-rate technology (VRT)
application of inputs (Larson et al. 2008). Likewise, a lower adoption rate for cover
crops was observed in a study conducted in two watershed regions of Indiana, U.S.
(Reimer et al. 2012). Weber and McCann (2015) found that 7%, 11%, and 6% of corn
producers in the United States in 2010 adopted variable-rate fertilizer, GPS soil maps,
and remote sensing N management tools where remote sensing aids in in-season N
application.

A survey in 2013, reflecting cotton producers in 13 southern states of the U.S,
reported that precision technology such as yield monitors with GPS, grid soil
sampling, zone soil sampling, aerial imagery, satellite imagery, soil survey maps,
handheld GPS, COTMAN, electrical conductivity, and digital maps were used only on
22%, 22%, 12%, 13%, 7%, 12%, 8%, 3%, 6%, and 3% of cotton crop respectively
(Lambert et al. 2015).



A 2014 survey of agricultural producers and landowners in Indiana found that
85% of farmers used regular soil tests, while only 65% used application timing, 56%
used variable rate application technology, and 46% used NMPs (Ulrich-Schad et al.
2017). It is noteworthy that even among those who adopted these practices, not all
farmers applied them uniformly across their entire farmland, and some reported not
fully adhering to NMP guidelines.

A 2016 survey of corn farmers in New York, Pennsylvania, Michigan, and
Ohio reported 17%, 7%, 1%, 18%, 9%, 10%, and 5% of adoption rates for yield
mapping, soil mapping, remote sensing, guidance system, VRT seeding, VRT
fertilizer, and VRT pesticides, respectively (Schimmelpfennig and Lowenberg-DeBoer
2020).

A survey of corn and soybean farmers in 2017 across the eastern Corn Belt
states (Illinois, Indiana, Ohio, and Michigan) revealed that no more than 20% of
farmers regularly use practices such as cover cropping, variable-rate nitrogen
application (VR-Nitrogen), variable-rate seeding (VR-Seeding), the pre-side dress
nitrate test (PSNT), and aerial scouting; however, more than 40% of farmers regularly
used soil mapping, yield mapping, and variable-rate phosphorus and potassium
application on their farms (Luther et al. 2020).

A farmer’s survey conducted in 2017 in South Dakota showed a lower rate of
adoption of information-intensive precision agricultural technologies (PATs) such as
Aerial imagery (30.8%), crop tissue sampling (37.6%), grid soil sampling (44.2%),
prescription field maps (50.5%), variable-rate system (50%), yield monitor (68.7%)
than that of embodied-knowledge PATs such as automatic section control (55.1%),

GPS guidance system (75.1%), and autosteer (73.7%). Here, embodied-knowledge
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PATs are relatively simple and easy to operate, whereas information-sensitive
technologies PATs generate large numbers of data and require specialized skills for
interpretation and effective utilization (Kolady et al. 2021).

A survey of Florida farmers in 2018 reported a current adoption rate of 17.7%
for tissue testing for nitrogen (N), phosphorous (P), and potassium (K), and 12.0% for
soil moisture sensors as BMP, where the farmer reported economic factors — the
economic cost of installation, finance, etc. — as a main barrier to the adoption

(Yehouenou et al. 2020).

2.4 Factors Affecting the Adoption of NMP, BMP, and Agricultural
Technologies

Economic considerations are one of the primary drivers in the adoption of
agricultural technologies, NMPs, and BMPs. Thompson et al. (2019) conducted a
choice experiment highlighting financial benefits, such as yield improvement and cost
reduction, as the most important attributes for the adoption of precision farming
technologies. Farmers perceived that variable rate fertilizer application is more likely
to increase profit either through increased yield, reduced production costs, or both,
compared to precision soil sampling, guidance and autosteer, and yield monitoring.
Buckley, Howley and Jordan (2015) found a significant and positive association
between the number of NMPs adopted by farmers and factors such as farm
stewardship (good farm business management), and productivist (maximizing farm
output). Similarly, Prokopy et al. (2019) reported a positive correlation between yield
and the adoption of one or more soil or water conservation practices. However, input
costs could act as a barrier to the adoption of some conservation practices, such as

cover crops and grassed waterways (Reimer et al. 2012). A systematic review of all
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U.S.-based qualitative studies on the adoption of conservation practices and programs
highlighted that the cost of the practices and potential yield improvements were
discussed almost equally as both a motivating factor and a barrier to adoption (Ranjan
et al. 2019). Farmers primarily oriented toward optimizing income were found less
likely to adopt soil mapping, while no significant relationship was obtained for other
practices such as cover cropping, VR-Nitrogen, VR-phosphorus and VR-potassium,
VR-Seeding, PSNT, aerial scouting, and yield mapping (Luther et al. 2020). Farmer
perception regarding economic factors is found to influence their adoption decision;
for instance, farmers to whom the evidence of economic benefit is important in
making decisions about nutrient management are more likely to adopt application
timing BMP (Ulrich-Schad et al. 2017). A similar result was observed regarding the
adoption of PATs; farmers who perceive that using PATs will increase profitability
are more likely to adopt them (Kolady et al. 2021). Furthermore, a study conducted in
Vietnam reported awareness of the cost and benefit evaluation of agricultural
technology adoption among farmers, prioritizing benefits over initial investment costs
(Nguyen et al. 2024). However, Gao and Arbuckle (2022) suggested that perceived
economic pressure has a varying impact on the adoption of different practices such as
Growing Season N application, variable rate nitrogen application, corn N rate
calculator, and N Stabilizer. Though some literature has shown an insignificant impact
of economic factors, most of the literature has proven the significant influence of these
factors on the farmer adoption decision, which is found to vary for different
agricultural practices or technologies.

Environmental motivation also plays a significant role in farmers' decisions to

adopt. Buckley et al. (2015) found that the number of nutrient management practices
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adopted by farmers was significantly and positively associated with ecocentric
motivations (protecting the environment) and negatively associated with
anthropocentric motivation (focused on farmers’ needs). The stewardship motivation,
which measures the importance farmers place on variables such as maintaining or
enhancing productivity, maintaining or improving soil health, reducing the
environmental impact, protecting the land, etc. in their decision-making to incorporate
conservation practices, was observed to be positively correlated with the adoption of
nitrogen rate based on corn N rate calculator (MRTN) and N stabilizer use (Gao and
Arbuckle 2022). Similarly, Baumgart-Getz et al. (2012) reported the positive impact
of environmental awareness on the adoption decision of BMP such as soil, water,
nutrient, integrated pest, and landscape management practices. However, Ulrich-Schad
et al. (2017) observed no significant importance of environmental benefits evidence on
the farmers’ decision-making to adopt nutrient best management practices such as
conducting soil tests, VR application, and application timing. Therefore, most of the
literature reported a significant influence of environmental concern factors, though
some reported an insignificant impact.

Moreover, farm and farmer characteristics are another determinant for the
adoption of agricultural technologies and practices. Farmers with large farms, higher
education, and those involved in environmental organizations are more likely to adopt
BMPs, such as herbicide control practices, crop rotation, and riparian buffer strips
(Ghazalian et al. 2009). McCormack et al. (2022) found that farmers with large farms
and full-time involvement in farming were more likely to adopt and use nutrient
management plans. Likewise, a positive and significant association was obtained

between cropland areas and the adoption of embodied-knowledge PATs as well as
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information-intensive PATs (Kolady et al. 2021). Similarly, Larson et al. (2008) and
Baumgart-Getz et al. (2012) noted that younger cotton growers were more likely to
use Remote Sensing for VRT decisions and BMP, respectively. The survey of
southern states’ cotton producers showed a negative association of producer age with
the adoption of precision technologies such as yield monitors with GPS, grid soil
sampling, zone soil sampling, aerial imagery, satellite imagery, soil survey maps,
handheld GPS, COTMAN, electrical conductivity, and digital maps whereas farm size
and farm income proportion had a positive relationship with the adoption (Lambert et
al. 2015). Similar to this result, Paxton et al. (2011) reported an increase in the number
of PATs (e.g., yield monitor with GPS, COTMAN plant mapping, etc.) adopted by
cotton producers with an increase in the share of farm income in total household
income. Additionally, land ownership dynamics play a role in adoption, as leased land
has been identified as a barrier to the adoption of conservation practices. Some
farmers reported that it is difficult to get support from landowners for implementing
conservation practices, and some stated that they would prioritize conservation on
owned lands and look for leased land if the contract is long-term (Kalcic et al. 2014).
A similar result was observed by Reimer et al. (2012): land ownership restrictions
were recorded as limitations to the adoption of BMPs - grassed waterways. Having
training and technical skills in technology is also found to be positive and significantly
associated with the adoption or willingness to adopt one or more soil and water
conservation practices (Prokopy et al. 2019). However, some research has reported an
insignificant effect of farm and farmer characteristics on the adoption of agricultural
technologies. Daberkow and McBride (2003) reported age and education having

insignificant effects on the adoption of at least one precision agricultural technology
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(Daberkow and McBride 2003). Gross farm income and farmers’ education level are
also found to be non-influential factors in the adoption of PATs (Castle, Lubben and
Luck 2016; Isgin et al. 2008). Moreover, the share of total operated acres rented is
recorded as having an insignificant effect on the adoption of a number of precision
farming tools (e.g., yield monitor with GPS, COTMAN plant mapping, etc.) by cotton
farmers in the southern U.S. (Lambert et al. 2015).

The nuances of the agricultural practices, for instance, time requirement and
compatibility of management practices, also influence the adoption decisions of
farmers. Ranjan et al. (2019) observed that compatibility with farm management, farm
management effort, and time requirements are often viewed as barriers to adopting
conservation practices rather than motivations. Similarly, the complexity and time
demand of practices like grassed waterways and cover crops have been reported as
barriers to their adoption (Reimer et al. 2012). Some farmers were found considering
the attractiveness and value of the practice as the motivation behind the adoption of
grassed waterways, where they quoted that “/¢ adds value to a farm; a farm that has
good established waterways is attractive to me” and “It gives you the appearance of a
farm being well taken care of” (Reimer et al. 2012).

Access to information and equipment also plays a crucial role in the decision-
making process of the adoption of agricultural technologies and practices. Luther et al.
(2020) suggested that farmers with access to a public source of information are more
likely to adopt precision technologies such as VR-N, VR-Seeding, PSNT, aerial
scouting, and yield mapping; however, they found no effect on the adoption of
conservation practices. A similar result was observed by Toma et al. (2018); access to

technological information also primarily influences individual behavior and intention
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to adopt crop technologies. Farmers who perceive “not having access to the
equipment” as highly important in their nitrogen management adoption decision are
less likely they are to use NMPs such as conducting soil tests; a similar result was
obtained for the adoption of variable rate application, nutrient management plan, and
application timing even though it is not significant (Ulrich-Schad et al. 2017).
Farmer belief is another important factor that influences the adoption decision
of farmers. Farmers having positive attitudes toward the practices are more likely to
adopt the practices; this result was observed in the case of the adoption of
conservation practices (Prokopy et al. 2019). Farmers’ degree of risk aversion,
positively related to their subjective belief of expected crop losses due to adverse
weather, was found to significantly impact their decision-making (Menapace et al.
2013). The prior experience of the practice was found to influence the farmers’
adoption decision. Kalcic et al. (2014) cited a farmer’s statement that reflects the
positive impact of prior experience: “Grassed waterways are real easy — yes, we do
them, we’ll keep doing them, even if we pay for them.”. Farmers who have previously
engaged in a specific conservation practice or other similar conservation practice are
more likely to adopt that conservation practice (Prokopy et al. 2019). A similar result
was obtained by Barnes et al. (2019) in the context of PATs; farmer having other
PATs on their farm are found to be more likely to adopt variable rate nitrogen
technologies (VRNT) bundles. In addition, farmers who are less uncertain about the

outcome of VRNTSs are more likely to adopt them (Barnes et al. 2019).

2.5 Farmer Attitude
Understanding farmers’ attitudes toward technologies regarding various

factors, such as economic factors, environmental factors, farm characteristics, and
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characteristics of technology, is crucial for comprehending their adoption decision-
making process. The widely used theoretical framework in farmer behavior research,
the Theory of Planned Behavior/Reasoned Action Approach, asserts that behavior is
driven by intentions (Ajzen 1991; Fishbein and Ajzen 2011). Ajzen (1991) formulated
the Theory of Planned Behavior, which illustrates that the attitude toward the
behavior, subjective norms (perception of the level of social pressure to practice), and
perceived behavioral control (level of ease to conduct the behavior) predict the human
intention to adopt a given behavior, which eventually influences the actual behavior.
Daxini et al. (2018) modified this TPB approach by incorporating the concept of
perceived resources, finding that attitudes (personal belief toward the positive outcome
of applying fertilizer based on soil test results), subjective norms (farmer’s perception
of the level of social pressure to apply fertilizer) perceived behavioral control (ease
farmers feel that they can conduct the behavior), and perceived resources (farmer’s
perception on having enough resources) all have a significant positive influence on
farmer’s intentions to apply fertilizer based on the soil test result. This suggests that
psychological factors or farmer’ attitudes toward agricultural technology play a crucial
role in shaping their intention to adopt those technologies, a finding supported by
other studies (Zeweld et al. 2017; Borges and Oude Lansink 2016; Lalani et al. 2016).
Additionally, the Technology Acceptance Model (TAM), first introduced by
Davis (1989), proposes that acceptance of technology is determined by two key
attitudinal components: perceived usefulness and perceived ease of use. Here,
perceived usefulness means the degree to which a person believes that using a
particular system would help them perform their job better, whereas perceived ease of

use refers to the degree to which a person believes that using a particular system
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would be easy to operate. Research has shown that perceived usefulness (economic
motivation) and perceived ease of use (ease of understanding and saving time) are
stronger drivers of technology adoption among farmers (McCormack et al. 2022).
Additionally, farmers’ self-efficacy and collective efficacy — measuring their belief in
individual ability to implement NMPs and the capacity of collective action effort in
reducing nutrient loss through the lowa Nutrient Reduction Strategy, respectively —
were found to be positively associated with the adoption of practices like nitrogen rate
based on the corn N rate calculator (MRTN), and response efficacy - reflecting their
belief in specific management practice capacity — was found to be positively
associated with the N stabilizer adoption (Gao and Arbuckle 2022). This indicates that
farmers’ confidence in their abilities and the efficacy of practice could significantly
augment their adoption behavior.

Moreover, Reimer et al. (2012) found that farmers’ perceived advantages and
barriers varied not only between practices but also among different producers. The
authors reported that many adopters of grassed waterways emphasized the economic
and operational benefits, whereas others highlighted the environmental benefits as a
key factor in their decision to adopt this practice. The study further demonstrated a
correlation between favorable perceptions of practice and its adoption, suggesting that

practices perceived more positively by farmers are more likely to be implemented.
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Chapter 3

METHODS AND HYPOTHESES

3.1 Hypotheses

Table 1 presents the research questions, associated hypotheses, and proposed
methods of analysis for this study. Research questions Ri and R3 were explored
through descriptive statistics, which provide insights into which factors are considered
most important by farmers while deciding whether to adopt NMTs and to what extent
farmers perceive that barriers limit their adoption of NMTs. To answer research
questions Rz and Ry, this study has four main hypotheses (Table 1) regarding the
farmers’ perception of important factors and barriers and their association with the
adoption of NMT (current and future likelihood), which are stated as alternative

hypotheses.
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Table 1: Research question, hypotheses, and methodology

S.N Research Question Main hypotheses to be tested

Methods

Perceived Important factors

A R1: How important do farmers

consider various factors such as
economic implications,
environmental concerns, and
time use in the adoption

Descriptive statistics

decision for NMTs?

R2: How do the identified Hal: Perceived important factors, such as economic, Factor analysis and
important factors influence the =~ environmental, and time use, are significantly correlated  ordered logistic regression
adoption of NMTs? with current adoption status of NMTs.

H.2: Perceived important factors, such as economic,
environmental, and time use, are significantly correlated
with farmers’ future likelihood to adopt decision of
NMTs.

Factor analysis and
ordered logistic regression

Perceived barriers

B R3: What barriers, such as

resource barrier and information
barrier, do farmers perceive that
limit the adoption of NMTs?

Descriptive statistics




IC

Table 1 continued

S.N Research Question

Main hypotheses to be tested

Methods

R4: How do the identified
perceived barriers influence
adoption of NMTs?

H.3: Perceived barriers, such as resource barrier and
information barrier, are significantly correlated with
current adoption status of NMTs.

H.4: Perceived barriers, such as resource barrier and
information barrier, are significantly correlated with
farmers’ future likelihood to adopt decision of NMTs.

Factor analysis and
ordered logistic regression

Factor analysis and
ordered logistic regression




Analysis of Hypothesis 1 and Hypothesis 2 explored how perceived important
factors are correlated with current adoption and the likelihood of future adoption of
NMTs, respectively. Analysis of Hypothesis 3 and Hypothesis 4 investigated the
association of perceived barriers with their current adoption and the future likelihood

of adoption of NMTs, respectively.

3.2 Survey

3.2.1 Data Collection

This study was approved by the University of Delaware Institutional Review
Board (IRB), protocol number [1694064-1]. A quantitative survey was conducted in
the Mid-Atlantic region of the United States from December 2021 through January
2022 (Davidson 2022). Eligible participants included corn, soybeans, or small grains
growers who were primary decision-makers and were at least 18 years old. Partnering
with the Nature Conservancy and the Mid-Atlantic 4R Alliance, we compiled a list of
eligible farmers from Delaware (DE), Maryland (MD), Pennsylvania (PA), and
Virginia (VA). Participant lists of Delaware and Maryland were provided by the state
departments of agriculture, including all the farmers with registered nutrient
management plans. The Delaware participant list excluded farms with zero acres of
cropland to account for the large number of poultry growers in the state. The Virginia
participants’ list was provided by the Virginia Department of Agriculture and included
farmers who were registered as certified private pesticide applicators. Penn State
University Extension provided a list of Pennsylvania farmers, including those who
were registered to receive information about agronomic crops, cover crops, pesticide

education, fertilizers, and forages. For Pennsylvania and Virginia, the lists were
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further filtered to include only counties within the CBW. The final mailing list
included 18,472 farmers, from which 2,700 farmers were randomly selected to receive
the survey: 651 farmers in DE, and 683 farmers in each MD, VA, and PA state. The
lower number of farmers selected in DE is because the selection of DE farmers was
limited by the number of farmers on the nutrient management list.

The survey was mailed with a paper survey and cover letter, which included a
web link and corresponding QR code for an online option via the Qualtrics platform.
A consent form was included in the mailing. Participation was voluntary and was
incentivized with a raffle drawing where participants who completed the survey were
randomly selected to receive a Visa gift card: ten $250 cards, twenty $100 cards, and
ninety-nine $50 cards. The raffle drawing and corresponding amounts were suggested
by the partner organizations and university extension personnel. A total of 362
responses were received (13.4% response rate). However, several respondents were
not eligible (e.g., no longer farming). Thus, the sample includes 204 usable responses,
a response rate of 7.6% (84 from Delaware, 56 from Maryland, 40 from Pennsylvania,
and 24 from Virginia). Johansson, Effland and Coble (2017) reported a decline in the
response rate of the U.S. Department of Agriculture’s (USDA) National Agricultural
Statistics Service (NASS) surveys from 80-85% in the early 1990s to around 60% in
2016.

3.2.2 Survey Overview

This study is part of a larger survey on 4R BMPs and thus includes questions
beyond the use of NMTs. The survey data that we used for this study is from Davidson
(2022). The full survey can be referenced in Appendix B. The survey started with an

eligibility question asking if a respondent was a primary decision-maker on their farm
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and was extended with questions about current farming practices. The survey included
questions about the current adoption and future likelihood of adopting the eight 4R
nutrient management practices?: Written nutrient management plan, Grid soil
sampling, Liquid manure injection, Injection of incorporation of commercial nitrogen
fertilizer, Cover crop, Split nitrogen (N) application, Variable Rate application (VRT),
and NMTs. The survey also included in-depth perception questions about three
practices of interest: NMTs, split N application, and VRT. Respondents were asked to
report their perceptions of changes in different factors after using the practices, which
were reflected by eight statements, and were also asked to rate their importance in
their decision-making (Table 2). To elicit perceived barriers, farmers were asked to
rate the extent to which thirteen potential barriers limit the use of each practice (Table
2). The design of these statements was informed by focus group discussions and semi-
structured interviews with farmers, as well as consultation with partners at the Mid-
Atlantic 4R Alliance and The Nature Conservancy. At last, the survey included
questions regarding their perception of nutrient management, preferred methods for
receiving information, enrollment in environmental or cost-share programs, and

sociodemographic details.

3.2.3 Key Survey Question
To understand the extent of importance that the given factors have in farmers’
decisions to implement NMTs and their association with the adoption of these tools,

we used farmers’ responses to the ‘perceived important factors’ question in the survey

2 This study is part of a larger project investigating the adoption of a suite of 4R
NMPs. The current study focuses on questions in the survey specific to NMT.
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(Table 2). There were eight statements/variables measuring the importance of different
factors in the farmer’s decision to adopt NMTs, on a 3-point Likert scale with the
following possible responses: not important (1), moderately important (2), and very
important (3), as shown in Table 2. To understand barriers that are limiting farmers
from adopting NMTs and their relationship with the adoption of NMTs, we analyzed
farmers’ responses to the survey question regarding perceived barriers (Table 2).
Respondents were given 13 potential barriers and were asked to present the extent of a
limit that farmers think potential barriers have on the use of these tools through a 5-
point Likert scale question with possible responses ranging from 1 (Not at all) to 5
(very much). In addition, to clarify the result, we used the impact of NMTs’ question
to understand farmers’ perception of the impact of using NMT on the various factors

in which we asked farmers about their perception of the impact of NMTs (Table 2).

Table 2: Key survey question for analysis

Perceived Important Factors

How important each factor was in your decision to implement/not implement in-season
nitrogen modeling tools? (Not important, Moderately important, Very important)

Crop yield

Input costs

Profitability

Time spent in the field

Time spent on farm management decisions
Soil health and productivity on my farm
Environmental quality in my community
My compliance with government regulations

O NN W=
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Table 2 continued

Perceived Impact of NMTs

Indicate if you think using in-season nitrogen modeling tools will cause an increase, no
change or decrease in each of the following factors (Decrease, No change, or Increase):
The impact of the practice on:

Crop yield

Input costs

Profitability

Time spent in the field

Time spent on farm management decisions
Soil health and productivity on my farm
Environmental quality in my community
My compliance with government regulations

S

Perceived Barriers

How much do you think each of the following factors limit farmers’ use of in season
nitrogen modeling tools? [1(Not at all) — 5 (Very much)]

Finding information about the practice

Having enough time to learn about the practice

Getting a return on investment from the practice

Cost of the practice

Difficulty implementing the practice because of timing and weather
Having the right equipment to implement the practice

Having the right technology to implement the practice

Finding services related to the practice (e.g. crop advisor, custom applicator,
soil testing)

9. Believing the practice is better suited for larger operations.

10. Difficulty implementing the practice on leased land.

11. Having a previous negative experience trying the practice.

12. Preferring to use practices they are more familiar with.

13. Believing that new technologies are too difficult to use.

O NN W=

Adoption of NMTs

What is your current experience with the e I currently use this practice on
practice? at least half of my acres.
e [ currently use this practice on
less than half of my acres.
e [ have used this practice in the
past but no longer use it.
e [ have never used this practice.
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Table 2 continued

Adoption of NMTs
How likely are you to start using or expand e Not likely
acreage of the practice in the next 3 years? e Somewhat likely

e Very likely
e N/A I already use this practice
on at least half of my acres

3.3 Factor Analysis

We applied exploratory factor analysis (EFA) to the perceived important
factors and perceived barriers statements in Table 2, respectively, to characterize the
latent important factors and latent perceived barriers in NMT adoption. EFA simplifies
complex data sets by regrouping variables into a limited set of clusters and identifying
underlying factors that explain the observed correlation among variables (Yong and
Pearce 2013; Comrey and Lee 2013; DeCoster 1998). According to the rule of thumb,
the ratio of respondents to the number of items used for analysis should be at least
10:1 (Mooi, Sarstedt and Mooi-Reci 2018). This criterion is met by this data because
the ratio is at least 45:2 (180:8, considering the smallest number of respondents among
eight statements regarding importance) for important factors and at least 184:13
(considering the smallest number of respondents among 13 barrier statements) for
barriers. Before conducting a factor analysis, we checked whether the given data is
appropriate for conducting EFA or not by assessing multicollinearity, the identity
matrix, and sampling adequacy (Watkins 2021). To evaluate the multicollinearity

problem, we assessed the value of the determinant of the correlation matrix of the

27



data; the determinant of the correlation matrix will equal one only when all
correlations are equal to zero, otherwise, it will be less than 1 (Stata 2024b). The
multicollinearity problem is likely not a concern if the determinant of the correlation
matrix is greater than 0.00001 (Field et al. 2012). To determine if the correlation
matrix is an identity matrix (where all the diagonal element are 1 and off-diagonal
element are 0), Bartlett (1950) test of sphericity was used, which tests the null
hypothesis that the correlation matrix is an identity matrix; if it is an identity matrix,
the variables are not intercorrelated and thus not ideal for factor analysis. The Kaiser-
Meyer-Olkin (KMO) statistic, a measure of sampling adequacy, indicates whether the
variables share enough common variance to be considered suitable for factor analysis
(Kaiser 1974; Mooi et al. 2018). Kaiser (1974) recommended that KMO values below
0.5 are unacceptable, and some literature recommends acceptable values greater than
0.6 (Tabachnick and Fidell 2013; Mvududu and Sink 2013). We run “factortest” in
Stata, which gives the determinant of the correlation matrix, Bartlett sphericity tests,
and Kaiser-Meyer-Olkin test (Watkins 2021).

The principal Factor (PF) extraction method was used in Stata to extract the
factors from the given Likert scale statements instead of other extraction methods
because the Principal Component Factor (PCF) focuses on reducing observed
variables into linear components that maximize variance retention without
distinguishing between common and unique variance, making the components not
latent variables (Watkins 2021). Similarly, another method, the Maximum Likelihood
(ML) method, assumes multivariate normal observations (Stata 2024a), which does

not hold in our data. Moreover, Acock (2016) recommended to use PF instead of PCF
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if the goal is to identify distinct and interpretable two or more latent factors rather than
maximizing the total variance explained by a single factor.

For determining the number of factors to retain, we used the scree plot and
parallel analysis as recommended by Watkins (2021). The scree plot generates a graph
of the eigenvalues from a covariance or correlation matrix to determine the number of
factors by identifying an “elbow” in the plot where the eigenvalue significantly drops,
and the number of factors before this drop is retained since they explain most of the
variance in the dataset (Cattell 1966; Fabrigar et al. 1999; Mooi et al. 2018). Parallel
Analysis (PA) is another method that compares the eigenvalues from the random data
with those from the given data and suggests retaining the number of factors as long as
the real eigenvalues are greater than the corresponding random eigenvalues (Watkins
2021).

This gave us complex factors that overlap with many variables, making them
difficult to interpret. Therefore, we used factor rotation, which rotates the factor matrix
into a form that is mathematically equivalent but represents more useful and
interpretable factor constructs for scientific purposes than the unrotated factor
constructs, without altering the underlying data structure (Comrey and Lee 2013;
Tabachnick and Fidell 2013; Watkins 2021). We used oblique rotation over
orthogonal rotation because, unlike orthogonal rotation, oblique rotation factors allow
the factors to be correlated. In social science and psychology, factors are often
correlated to some extent (Fabrigar et al. 1999; Watkins 2021; Schmitt and Sass 2011).
Therefore, we used oblique rotation to obtain a more accurate and realistic
representation of factor relationships. Promax and oblimin rotation methods are

commonly used oblique rotation methods (Mooi et al. 2018), among which we chose
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the promax rotation method since different rotation methods within the orthogonal and
oblique rotation categories are likely to produce similar results (Bandalos and Finney
2018; Watkins 2021). This factor rotation led to factors being in a more interpretable
form.

A factor loading measures how much a variable contributes to a factor; high
factor loadings indicate that the variable strongly defines the factor (Yong and Pearce
2013). We set the factor loading cut-off point at 0.32, as factor loadings above 0.32 are
considered strong enough to be meaningful from both practical (10% variance) and

statistical (p < 0.05) perspectives where statistical significance is calculated with the

\/% for 5% level of significance and 3;:2 for 1% level of significance

formula

(Watkins 2021; Norman and Streiner 2014). Further, a meta-analysis found 0.32 as the
average factor loading across the factor analysis studies (Peterson 2000). Factor
scores, the linear combination of the items, were then predicted and used for

subsequent analysis (Mooi et al. 2018).

3.4 Econometric Model

The relationship between farmers’ perceived important factors and barriers
with the current and future likelihood of adoption of NMTs was elicited using the
survey questions described above in Table 2 as the dependent variable. Farmers were
asked to report their current experience with the NMTs. In addition, they were asked
about their likelihood of starting using or expanding acreage for the NMTs in the next
3 years, except for those who are using these tools on at least half of their acres (Table
2).

To evaluate the association between perceived important factors and perceived

barriers with the level of adoption of NMTs, we used ordered logistic regression
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analysis (Equations 1-3). This model is appropriate because our dependent variables —
current adoption status and future likelihood of adopting NMTs — are ordinal and
categorical, classified in terms of the level of adoption. The ordered logit model
exploits the ordinal nature of the dependent variable (Greene 2008) and employs a
proportional odds cumulative logit approach to analyze data (Gao and Arbuckle 2022).
Both ordinal dependent variables had three different categories. The current adoption
category of NMTs takes the value of 0 if the respondent has never used these tools; 1
if currently using on less than half of total acres; and 2 if currently using on at least
half of total acres. Here, we drop the “used in the past but not now” response and
assume the dependent variable is ordinal in terms of acreage expansion. Likewise,
another dependent variable, the future likelihood of adopting NMTs, takes the value 0
if the respondent is not likely, 1 if somewhat likely, and 2 if very likely to adopt or
expand the use of these tools in the next three years. Here, we drop the “already use
NMTs on at least half of my acres” response. Since both continuous latent dependent
variables (Y*) could take three different values, they have two threshold points (k; and
k), respectively, where,

Yi=0if Y* < k;

Yi=1ifk< Y5 < k2

Yi=2ifY* > k (1)

Equation 2 shows the probability of respondent i being in the three different
categories (Y; =) classified in terms of either the current level of adoption status or

future likelihood of adopting the tools, depending on the model.

1
Pi,j= PI‘(Yi = 0) = m
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1 1
Pij=Pr(Yi=1)= —— x5 — [ k%P

1
Pi,j=Pr(Yi=2) ZHe‘Txiﬁ’ (2)

Where JX; is a vector of independent variables and fis the corresponding
estimated parameter vector (coefficients). P;; indicated the probability of a farmer i
adopting a percentage of agricultural land within category j conditioned on the
independent variables for each farmer. k; and k2 are the threshold points in the
unmeasured continuous latent variable that divide the three categories of the ordinal

dependent variable. The ordered logit model is represented as:

Y* = B, PerceivedImportantFactor + 5, PerceivedBarrier + XX + ¢ (3)

Here, PerceivedIlmportantFactor and PerceivedBarrier are vectors of
continuous variables that are obtained through the exploratory factor analysis
described in section 3.3. X represents the vector of other covariates, including other
NMP, demographic variables (total cropland, age, education level), and farm
characteristics (farm income, enrollment in environmental or cost-share programs, and
location of farmland). The binary variable otherNMP is equal to 1 if the respondent is
currently using at least one of other nutrient management practices (grid/zone
sampling, liquid manure injection, commercial nitrogen fertilizer, cover crops, split
nitrogen application, variable rate nitrogen application) and 0 otherwise, and was
obtained by combining the responses, where “never used” and “used in the past but
not now” were grouped into the category “currently not using” and the responses
“used on less than half of acres” and “used on at least half of acres” were grouped into

the category “currently using” (Table 6). TotalCropland and Age are the continuous
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variables that represent the total acres of cropland per 100 acres and the age of primary
decision-makers, respectively (Table 6). The binary variable LandLease is equal to 1 if
the respondent’s more than half proportion of total cropland is leased and 0 otherwise
(Table 6). The binary variable CollegeDegree is equal to 1 if the respondent has at
least some college degree as the highest level of education and 0 otherwise (Table 6).
FarmIncome is a binary variable that is equal to 1 if the respondents earn more than
50% of their household’s gross income through farming, as described in Table 6. CRP,
CREP, CSP, EQIP, and ACP are binary variables that are equal to 1 if an individual is
enrolled in the Conservation Reserve Program, Conservation Reserve Enhancement
Program, Conservation Stewardship Program, Environmental Quality Incentive
Program, and State Agricultural Cost-Share Program, respectively (Table 6). State is a
categorical dummy variable that represents the location of most of the cropland of a
farmer — Delaware (DE), Maryland (MD), Pennsylvania (PA), and Virginia(VA) —
where we consider “Delaware” as a reference category (Table 6).

To check the robustness of the model, we included interactions of total
cropland size with perceived important factors and perceived barriers. These
interaction variables evaluate whether the influence of perceived important factors and
perceived barriers on adoption decisions varies with farm size. In this case, the ordered

logit model is represented as:
Y* = B, PerceivedlmportantFactor + [5, PerceivedBarrier +

B5TotalCroplandX PerceivedImportantFactor + 4, TotalCroplandX PerceivedBarrier
+ X Xte (4)

Here, TotalCroplandX Perceivedlmportantfactor and

TotalCroplandX PerceivedBarrier are the vectors of continuous variables that

33



represent the interaction between the “TotalCropland” and
“PerceivedImportantFactor” and “PerceivedBarrier” variables, respectively. Other
covariates remain the same as in equation 3.

Equations 3 and 4 were analyzed using ordered logistic regression with the
“ologit” command in statistical software Stata. Furthermore, we compared the two
model specifications using the Likelihood ratio test and Akaike and Bayesian

Information Criterion (AIC and BIC).

3.5 Sensitivity Analysis—Missing Data Imputation

There was a total of 5.23% missing data across the 15 variables (other NMPs,
demographic, and farm characteristics) in the dataset, as shown in the table presenting
the count of missing observations for each variable in Appendix A—Table Al. The
result of the analysis could be biased if the missing data proportion is greater than 10%
(Bennett 2001) and Schafer (1999) stated that a missing proportion of 5% or less is
inconsequential. To check the robustness of the model and test sensitivity to missing
values, we applied imputation to handle missing data and subsequently analyzed the
dataset. There are three types of missing data based on the possible reason behind the
missingness: missing completely at random (MCAR), missing at random (MAR), and
missing not at random (MNAR). Data are said to be MCAR if missing data are
independent of any observed or unobserved variables. MAR assumes that the
missingness is related to the other observed variables in the dataset, but not to the
specific variable that has missing data. MNAR assumes that missingness is related to
the unobserved value of the missing variables themselves, which is very challenging to
identify (Bennett 2001; Zhong, Hu and Penn 2018). There are several methods for

dealing with the missing value. One of them is deletion, which excludes the
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observation with missing data, and it is found to be effective if the MCAR applies to
missing data patterns (Zhong et al. 2018). Stata automatically operates this imputation
technique in regression analysis. Another method is mean imputation, which replaces
missing values with the observed mean, and it is reasonable to use if the MCAR
applies (Zhong et al. 2018). We couldn’t use this method in our analysis since we have
categorical variables, which makes mean imputation not appropriate. Multiple
Imputation (MI) is a widely used and reliable method for handling missing data. It
imputes each missing value with m plausible values to create m complete datasets,
which are analyzed separately, and the results are averaged and pooled to obtain a
final estimate (Little and Rubin 1987). It is found to be an appropriate method for data
MAR assumptions (Zhu 2014; Zhong et al. 2018). Even if the data satisfied MCAR
assumptions, imputation based on the MAR assumption will not bias the analysis
(Zhong et al. 2018). MI imputes categorical and continuous variables simultaneously
and can operate imputation on the model like discrete, continuous, categorical, or
mixed (Zhong et al. 2018). We employed the deletion method and multiple imputation

method to assess the robustness of the results drawn from each approach.

3.6 Qualitative Methods: Semi-structured Interview

3.6.1 Qualitative Data Collection

To bring more clarification on farmers’ perception of economic and time
investment factors, we conducted supplementary qualitative analysis. We recruited
farmers during the annual Delaware Agriculture Week event and Nitrogen Support
Tool meeting in Pennsylvania from January 2025 through February 2025, through a

pre-interview survey. During Delaware Agriculture Week, the survey was distributed
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to farmers attending the Grain Marketing Meeting. The survey included demographic
questions, questions about nitrogen application decisions and NMTs, and questions
about their preference to participate in follow-up interviews. Through a pre-interview
survey, 20 interviewees, including both adopters and non-adopters of NMTs, were
selected who were corn farmers and were from Delaware and Pennsylvania. We then
conducted semi-structured interviews via phone calls as per the farmers’ convenience
from February 2025 through March 2025. Each interview lasted approximately 20 to
30 minutes and was conducted by at least two interviewers. Participation was
voluntary, and farmer received a $50 Amazon or Walmart gift card as a token of
appreciation for their time after completion of the interview. The interviews were part
of a broader study focusing on understanding barriers to farmer adoption of NMTs.
For the current analysis, we included the two key interview questions and follow-up

questions related to economics and time investment (Table 3).
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Table 3: Key interview questions

Interview Questions

Economic 1. Is it most important for you to increase yield and
importance profitability or to reduce/keep input costs low?
factor Follow-up question:
e NMTs increase input cost because of the per acre fee. What
factors would make that cost increase worthwhile for you?
Prompt: yield, profitability, soil health, productivity, reduced
nitrogen cost
Time 1. We have a question about some of our previous research
investment findings. Farmers say time is important, but also think
importance NMTs would increase their time. Why do you think those
factor farmers are saying they are more likely to adopt the tool?

Follow-up question:
e Do you think these tools are more time-effective compared
to other nutrient management practices?
e Do you think a practice is more valuable if it requires more
time to implement?
e Are you willing to invest more time to adopt new tools?

3.6.2 Qualitative Data Analysis

Each interview was audio recorded and later transcribed for analysis. The

quantitative response (ranking and binary) and qualitative responses were analyzed

using descriptive statistics and thematic analysis, respectively. Specifically, thematic

analysis underscored significant statements focusing on repeated or common themes

or quotes. We then generated a Word Cloud to show the most common themes.
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Chapter 4

RESULTS

4.1 Descriptive Statistics

The following summary statistics highlight the respondents’ current adoption
status of NMTs, their future adoption intentions, their perception of the importance of
various factors influencing adoption, and the perceived barriers limiting NMT
adoption. The summary statistics of respondent socio-economic characteristics are
also presented in this section. The sample size varies due to missing values in some
questions.

Table 4 shows the farmers’ current adoption status of NMTs. From survey
respondents, 65.13% reported that they have never used these tools, 4.10% reported
they have used them in the past but are not currently using them, 10.77% reported they
are currently using these practices in less than half of their total acres whereas only
20% of farmers reported that they are currently using this practice on at least half of
their total acres. A similar pattern of adoption status was observed in all four states —

Delaware, Maryland, Pennsylvania, and Virginia.
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Table 4: Summary statistics on the current adoption status of NMT

N At least half  Never Less than half Used in the
of the total used of total farm past but not
acre now

Delaware 78 26.92% 61.54% 7.69% 3.85%
Maryland 55 12.73% 74.55% 12.73% 0.00%
Pennsylvanian =~ 39 12.82% 64.10% 15.38% 7.69%
Virginia 23 26.09% 56.52% 8.70% 8.70%
Total 195 20% 65.13% 10.77% 4.10%

Table 5 presents the farmer’s likelihood to start using or expanding the NMTs

in the next three years among those who were not currently using NMTs on at least

half of their total farm acres. Overall, 58.50% of farmers indicated that they are not

likely to use or expand the use of NMTs, while 28.57% reported being somewhat

likely, and only 12.93% expressed a high likelihood of adopting NMT in the future. A

similar response was observed in all four states, respectively. Among farmers who

reported they have never used this tool, 65.55% stated they are not likely to adopt

NMT, 26.89% are somewhat likely, and only 7.56% are very likely to use this tool in

the next three years (Appendix A—Table A2).
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Table 5: Summary statistics on the likelihood to start using or expanding the NMT

N Not likely Somewhat likely Very likely
Delaware 53 54.72% 35.85% 9.43%
Maryland 46 58.70% 30.43% 10.87%
Pennsylvanian 33 63.64% 18.18% 18.18%
Virginia 15 60.00% 20.00% 20.00%
Total 147 58.50% 28.57% 12.93%

Table 6 shows the summary statistics of farmer’ socio-demographic
characteristics and their perception of the importance of different factors and potential
barriers. The respondent’s average total cropland size was 642.21 acres, larger than the
representative average total cropland size of four states, according to USDA (2017)
(Table 7). On average, 39% of farmers had leased more than half of their total crop
area. The respondent’s average age was 60 years, which is closer to the average age of
farmers in four regions, which means the sample is representative of farmers in four
states based on age (USDA 2017) (Table 6). Considering farmers’ highest level of
education, 53% of farmers had at least a college degree as the highest level of
education. Regarding the proportion of a household’s gross income earned through
