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Abstract

This study investigates empirical data on how students and educators perceive the use of generative
artificial intelligence (Al) in agriculture and natural resources (ANR) courses. By surveying
participants at a land-grant university, the research explores how different educational backgrounds
and sociodemographic factors influence attitudes toward Al adoption. The findings reveal that less
than half of the respondents currently use generative Al, with significantly lower usage among first-
year and rural students. Key drivers encouraging Al adoption include perceived academic benefits,
ease of use, and familiarity with the technology. In contrast, barriers such as concerns about reliability,
potential misuse, and information overload deter usage. Seniors and graduate students are more likely
to embrace generative Al tools, whereas older and rural students show lower adoption rates. The
Analytical Hierarchical Process underscores the necessity for tailored strategies to address specific
concerns like inaccurate information and how to leverage Al's advantages, such as streamlining tasks
for instructors and providing grammar assistance for students. Future course curricula and
institutional policies should incorporate targeted training and additional support to meet specific
educational needs, thereby enhancing learning outcomes and ensuring equitable access to the benefits
of generative Al tools.

1 Introduction

Freely accessible generative Al technologies, such as ChatGPT (OpenAl 2022), offer immediate,
personalized interaction and have captured the interest of educational stakeholders—students,
educators, and institutions—due to their potential to transform teaching and learning (Neumann et al.
2021; Shear et al. 2023). These technologies promise to revolutionize higher education by enhancing the
learning experience (Essel et al. 2022; Ipek et al. 2023) while also streamlining administrative tasks (Lee
et al. 2019; Nguyen et al. 2021). However, their implementation necessitates careful consideration of
pedagogical contexts and sociodemographic disparities among students (Vazquez-Cano et al. 2023) to
ensure equitable and effective use. Adoption is not uniform across student populations, as differences in
access, familiarity, and perceptions create significant variability in adoption rates. Studies have yet to
provide empirical insights into the perceived benefits and challenges encountered by different adopter
groups among stakeholders in ANR fields, particularly those who are considering or already adopting
generative Al tools into their teaching and learning methods. This study examines how students enrolled
in some required courses within the College of Agriculture, representing a mix of disciplines and
geographic backgrounds—rural and nonrural—engage with generative Al, given that prior research
suggests that rural students often face unique barriers to technology adoption, including limited
exposure and infrastructure constraints (James et al. 1999; Johnson, Ferguson, and Lester 1999; Byun,
Meece, and Irvin 2012; Odom et al. 2013). By examining these nonrural and rural differences, we aim to
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provide insights into how the educational context influences the diverse Al adoption behaviors of
students, informing future curricula and institutional policies to deliver targeted support that ensures
equitable access to generative Al tools.

The impact of regenerative Al on the learning environment has given rise to a growing body of
academic research, with applications across various higher education disciplines that highlight its
opportunities and challenges. While some studies have focused on students’ attitudes and perceptions
toward generative Al usage in fields such as computer science (Goel 2020; Singh, Tayarani-Najaran, and
Yaqoob 2023), chemistry (Fergus, Botha, and Ostovar 2023), information technology (Kuleto et al.
2021), computer engineering (Shoufan 2023; Valova, Mladenova, and Kanev 2024), software
engineering (Neumann et al. 2023), and business education (Dempere et al. 2023), these insights may
not be directly applicable to specialized fields such as agricultural and natural resources (ANR)
education. Differences in curriculum (Chondrogiannis et al. 2021) and urban-rural disparities in
technology access and experience, which are unique to ANR students (James et al. 1999; Byun et al.
2012), necessitate specific studies in this area. To this end, no empirical study, except that of Shear et al.
(2023), has focused on the usage of generative Al among agriculture students in higher institutions. The
study evaluated the performance of Al-generated responses and instructors’ ability to detect Al-
generated content in essay-based assignments within the fields of agricultural and applied economics.
However, this study does not address usage patterns among students, the characteristics of different
user categories, or the broader implications for students who are less familiar with Al tools.

Numerous studies have revealed that students in agricultural and natural resource disciplines
often lack expected proficiency with computer technology (Johnson et al. 1999; Johnson and Wardlow
2004). There is a notable lack of empirical research examining how students and educators across
diverse ANR disciplines, particularly in nontechnical and interdisciplinary courses, engage with
generative Al in both educational and research contexts. Understanding how students from diverse
nonrural and rural backgrounds perceive and interact with this Al technology across different
educational levels is crucial, as it can reveal disparities in technological adoption and engagement,
ensuring that Al-driven educational tools are beneficial to all students. Furthermore, it can inform
educators on best practices for integrating Al into their curriculum in ways that promote equity and
address the diverse needs of students, thereby enhancing their learning experience.

The uniqueness of the ANR field in higher education is highlighted by its diverse participants and
the specificity and complexity inherent in its curriculum, which distinguish it from other disciplines. The
complexity primarily stems from the integration of multidisciplinary knowledge—including biology,
ecology, social sciences, and economics (Spiertz 2009; McKim et al. 2018)—along with a strong
emphasis on practical, field-based skills and experiential learning to address real-world issues (Francis
et al. 2011). For students from diverse socioeconomic and rural backgrounds, the complexity of ANR
courses is heightened by disparities in technology access, financial constraints, and educational
inequities (James et al. 1999; Byun et al. 2012; Odom et al. 2013). This can lead to anxiety about
adopting new technologies and keeping up with advanced coursework (Irvin et al. 2011; Tieken 2016).
Past studies have shown that among upper-division students at a land-grant college of agriculture, only
half had ever completed a course that required the use of computers (Johnson, Ferguson, and Lester
2000; Cuban 2001). This disparity in perceptions and access to digital resources among students can
hinder the equitable adoption of generative Al in higher education.

Educators might hesitate to implement these technologies if they believe that their adoption will
exacerbate existing inequalities (Adigiizel, Kaya, and Cansu 2023). Additionally, integrating
contemporary technology into coursework can be challenging for traditional instructors, who often view
these tools as distractions rather than beneficial educational aids (Cavas et al. 2009; Haleem et al. 2022).
Educators must also demonstrate pedagogical adaptability (Ryan and Tilbury 2013; Peng, Ma, and
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Spector 2019) to effectively integrate generative Al into the evolving ANR curriculum, ensuring it keeps
pace with both advancing technology and students’ changing needs. Given the distinct challenges and
opportunities in ANR education, this study explores perceptions of generative Al adoption and usage
among students and educators in two specific departments—agricultural economics and natural
resource ecology. While not encompassing all ANR disciplines, the study provides valuable insights into
Al adoption within general education courses that attract students from diverse academic and
demographic backgrounds.

2 Generative Al Usage Across Disciplines

Recent scholarly research indicates a significant and growing adoption of Al tools among students across
various educational contexts. For instance, a study by Hirabayashi et al. (2024) found that almost 90% of
Harvard undergraduates in their survey of 326 students reported using generative Al tools, with
approximately 25% of these students substituting Al for attending office hours and completing required
readings. Similarly, a recent global survey of 3,839 higher education students from 16 countries revealed
that 86% integrate artificial intelligence (Al) into their studies, with 54% using it consistently
throughout the week (Kelly 2024). These findings suggest a widespread and growing adoption of
generative Al tools in academic settings.

Given generative Al’s prevalence in the education sector, a small but growing body of studies has
examined the rapidly evolving technology’s potential to transform educational institutions and the
impact on various actors, the responses or resistances that arise, and how ethical issues are identified
and managed (Goel 2020; Kuleto et al. 2021; Chan and Lee 2023; Strzelecki 2023). Studies on its usage
by students and educators across multiple disciplines have already yielded preliminary findings on their
perceptions and beliefs as well as the functionalities of generative Al (Sharma and Yadav 2022; Shoufan
2023; Singh, Tayarani-Najaran, and Yaqoob 2023), providing foundational insights into its use in
educational settings. These studies reveal that while some concerns—such as ethical issues, data
privacy, and academic integrity—are consistent across disciplines, the usage and impact of generative Al
on academic pursuits vary significantly from one field to another, reflecting the unique demands,
methodological approaches, and contexts of each academic discipline.

Sharma and Yadav (2022) provided a balanced perspective by discussing the potential benefits
and drawbacks of using ChatGPT in educational contexts, specifically in information sciences and
journalism. However, the conceptual study relied on secondary data and literature review without
incorporating empirical research or primary data on any specific discipline. This limits the ability to
draw concrete conclusions based on user experiences and behaviors. In another study, Shoufan (2023)
examined how senior computer engineering students perceive and utilize ChatGPT, revealing both
positive aspects (such as interest and usefulness) and negative aspects (including concerns about
accuracy). However, the study does not establish correlational links between different survey responses,
which could provide deeper insights into the factors influencing students’ perceptions and usage
behaviors. Singh, Tayarani-Najaran, and Yaqoob (2023) revealed that computer science graduate
students hold mixed perceptions about the impact of ChatGPT on learning and academic integrity. While
the study included a correlation analysis to examine the interactions of various factors, it underscored
the need for additional studies across different disciplines and educational levels to enhance the
generalizability of the findings.

Malmstrom et al. (2023) surveyed Swedish university students from various disciplines about
their use of and attitudes toward Al tools, revealing that most students are optimistic about AI's role in
education. The study findings suggest that while Al enhances their learning effectiveness, concerns
remain about its impact on academic integrity and future education. However, the analysis primarily
focused on descriptive statistics without delving into more complex statistical analyses that could
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identify usage patterns and a richer understanding of the factors influencing student attitudes toward Al
tools. Similarly, recent studies have sought to investigate the determinants of generative Al usage among
students and educators in disciplines such as chemistry (Clark et al. 2023; Fergus et al. 2023), economics
(Geerling et al. 2023), and medicine (Dave, Athaluri, and Singh 2023). However, these studies primarily
concentrated on usage patterns rather than exploring the underlying factors that facilitate or hinder the
adoption of generative Al and the characteristics of different adopter categories among stakeholders.
Various adopters perceive and assess technological innovation through diverse lenses (Rogers 2003). A
handful of studies have acknowledged that in higher education, the adoption of generative Al depends
on its perceived attributes (Woithe and Filipec 2023; Al-Maroof et al. 2024). However, the findings from
these studies, which focused on students who are already proficient in computer use and familiar with
Al tools, may not be entirely applicable to students in ANR disciplines, which are a preferred choice for
students from predominantly rural backgrounds (Esters and Strayhorn 2013; Gavazzi and Gee 2018)

The student body in ANR, encompassing both rural and nonrural backgrounds, often exhibits
varying levels of technological proficiency (Cley et al. 2015; Kormos 2018), leading to different usage
patterns across education levels and age groups compared to students in more technical fields (Shoufan
2023). Students from rural and underserved communities that make up a large body of students in ANR
fields (Esters and Strayhorn 2013; Gavazzi and Gee 2018) may have limited access to advanced
technology (Keane et al. 2008) and may not be as familiar with Al tools as students from urban
communities, which could affect their perceptions and usage behaviors differently. This difference in
familiarity and access to technology underscores the need for tailored studies to understand how
generative Al can be effectively integrated into diverse educational contexts with varying adopter
categories.

Our study makes a unique contribution to the existing body of literature on the use of generative
Al in higher education. First, it examines how student perceptions and sociodemographic attributes
influence their adoption of generative Al. This contrasts with prior studies that predominantly focused
on students already proficient in computer use and familiar with Al tools (Cley et al. 2015; Kormos
2018). By empirically investigating students from both rural and nonrural communities, our study
provides valuable insights into how diverse backgrounds influence the utilization and perceptions of Al
tools. Likewise, our research analyzes complex decision-making processes related to generative Al usage
in ANR courses from the perspective of both educators and students. This approach provides a nuanced
understanding of how educators and students perceive and utilize generative Al tools, highlighting the
various adopter categories with distinct viewpoints shaped by their rural and nonrural backgrounds and
educational needs. This differentiated insight is crucial for developing strategies to effectively integrate
Al technologies into ANR curricula, enhancing educational outcomes in this domain. In particular, rural
students have historically been underrepresented in technology adoption research, despite facing
distinct challenges in access to digital resources and Al-related educational tools. By examining their
perceptions and utilization of generative Al, our study helps address a critical gap in understanding the
unique challenges and opportunities associated with this technology. Simultaneously, it contributes to
the expanding body of knowledge aimed at improving educational outcomes in the fields of ANR in
higher education (House, Weldon, and Wysocki 2007; McKim et al. 2018; Zuo, Josephson, and Scheitrum
2019; Ehmke et al. 2022).

3 Methods

Data from Survey B was analyzed using the Analytical Hierarchy Process (AHP) developed by Thomas L.
Saaty in the 1970s (Saaty 1977). The AHP method was used to quantify and rank how students and
instructors prioritize the perceived benefits and challenges of using generative Al in selected courses
across two departments within the College of Agriculture.
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3.1 The Analytical Hierarchy Process

Roger’s theory of innovation diffusion (2003) posits that technology adoption is influenced by a
combination of the technology’s characteristics and users’ perceptions of its benefits and challenges. To
better understand the factors influencing generative Al adoption in ANR education, we applied the
AHP—a multi-criteria decision-making (MCDM) tool that facilitates a structured and systematic
comparison of preferences across diverse student and educator groups (Saaty 1977). AHP structures
complex decision problems into a hierarchical framework, organizing key adoption factors into criteria,
subcriteria, and alternatives to facilitate rigorous decision-making. This method is widely used across
various fields, including business, healthcare, engineering, and social sciences (Kutakowski 2015;
Schmidt et al. 2015; Garbuzova-Schlifter and Madlener 2016; Glindogdu et al. 2021) and is particularly
effective in capturing nuanced perspectives.

The AHP involves creating a Pairwise Comparisons Matrix (PCM) of A = [aj] that represents the
comparison of element i with element j (Masozera et al. 2006; Brunelli, Canal, and Fedrizzi 2013;
Kutakowski 2015). Given that the matrix element and weights of relative priorities were represented as
aij and w, respectively, the positive real-valued matrix is denoted by

Wi W2 Wn
n n
wq Wn

If A is consistent, then vector w can be obtained by using the geometric mean method:

wi; = [Ty ai)" Vij. (2)

To ensure the consistency of the pairwise comparisons in the AHP, the Consistency Index (CI) and the
Consistency Ratio (CR) are calculated (Saaty 1977; Brunelli et al. 2013). Saaty’s Consistency Index (CI)
helps determine the consistency of the decision-maker’s judgments when comparing different elements
(Saaty 1977; Saaty 1980). Saaty (1977) proposed that for given a PCM A4, its maximum eigenvalue, Amax,
is equal to n if and only if the matrix is consistent (and greater than n otherwise), so the Cl is calculated
using the formula

lmax
However, to interpret the CI, it is often compared to a Random Index (RI), which is derived from a large
number of randomly generated matrices of the same size. CR is a crucial metric in AHP that helps ensure
the reliability and consistency of the judgments made by the respondents in the pairwise comparison
matrix. It is a standardized CI version calculated by dividing CI by a RI. Rl is just the average CI obtained
from matrices of size n. Therefore,

cl
CR= —. (4)
According to empirical literature on AHP, if the CR is less than or equal to 0.10 (10 percent), the
matrix’s consistency is considered acceptable. By incorporating CRs to assess the validity of respondent
ratings, AHP serves as a viable alternative for comparing stakeholder perceptions. This is especially
valuable when subjective judgments, even from a small group of stakeholders, play a crucial role in
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achieving a comprehensive understanding of an issue. This approach was particularly useful in
quantifying opinions from the ANR faculty, given the relatively small sample size of this group.

While regression-based analysis is a well-established method for examining relationships
between a response variable and its explanatory attributes, AHP offers computational advantages for
generating reliable estimates, particularly when sample sizes are relatively small (Saaty 1977; Joshi et al.
2022). By applying AHP to generative Al adoption, we can assess the relative importance of various
adoption factors, such as perceived benefits, challenges, and usability. This structured approach allows
us to quantify how students’ and educators’ backgrounds, technological familiarity, and educational
contexts shape their adoption behaviors, providing a more comprehensive understanding of Al
integration in ANR education.

3.2 Data Collection and Analysis

A descriptive-correlational design (Ary, Jacobs, and Razavieh 1990) was utilized to achieve the study’s
goal, involving students from seven upper-division courses across two departments in the College of
Agriculture at a land-grant university. The upper-division courses refer specifically to advanced courses
in agricultural economics and natural resource ecology that primarily enroll senior undergraduate and
graduate students (Survey B). Survey A targeted required general education courses in agricultural
economics, which enroll students from all academic levels and a mix of majors across the college. These
courses emphasize writing and research, covering a range of skills that includes technical writing, data
analysis, research methodology, and policy evaluation. These are areas where generative Al tools can
assist with tasks such as summarizing, editing, and data interpretation. These courses were intentionally
selected to include students from varied backgrounds, majors, ages, and educational levels, enabling a
comprehensive analysis of the factors influencing their experiences and outcomes. We administered two
distinct survey instruments because the stakeholder groups (instructors and students) from two
different majors within the ANR field had varying perceptions regarding generative Al usage. The survey
materials are available upon request. The first Qualtrics survey (Survey A) was distributed to students in
the Department of Agricultural Economics using the online Qualtrics platform (Qualtrics 2019) in the
Fall 2023 and Spring 2024 semesters. The second, shorter survey (Survey B) was distributed to
instructors and students in the Department of Natural Resource Ecology and Management using the
Qualtrics platform during the Fall 2023 semester. Both survey instruments and protocols received
approval from the University’s Office of Institutional Review Board (IRB).

The Survey A questionnaire was sent to 450 students, from freshman to graduate level, enrolled
in multiple agricultural economics courses. These are required general education courses that students
across various academic levels and from multiple disciplines within the College of Agriculture are
required to complete. The survey included various questions on using generative Al tools for their
coursework and research. Respondents were asked to indicate their level of agreement with statements
concerning the use of the generative Al tool, utilizing a five-point Likert scale. We also collected
demographic data on students’ background (rural farm, rural nonfarm, suburban, urban), first-
generation status, academic level (freshman to graduate), race/ethnicity, and age. To analyze the factors
influencing the use of generative Al tools, we employed the following logistic regression model:

Logit (P(Y = 1)) = Bo + P1Xs + BoXy + BaXs + - + BoXo, (5)

where Y represents the likelihood of Al use, and $1X1 to f9X9 are the explanatory variables included in

the model. The model included nine explanatory variables, chosen based on their theoretical relevance
and previous research findings. Instead of reporting standard regression coefficients, we reported odds
ratios to better measure the effect size on the dependent variable. Odds ratios are easier to interpret in
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logistic regression, as they represent the change in odds of the dependent event occurring for a one-unit
change in the predictor variable (Mood 2010).

For Survey B, we adopted methods from previous studies (Joshi et al. 2018; Starr et al. 2019) to
provide a comprehensive explanation of generative Al usage. The survey questionnaire addressed the
general topic of Al-based tools used for various tasks related to teaching and learning, focusing on their
usage intensity. It also included a clear description of its benefits and challenges in the form of
statements which respondents rated to alleviate the cognitive burden on prospective survey
participants (Table 1). As shown in Figure 1, we asked respondents to complete a pairwise comparison
of four perceived benefits associated with generative Al For each pair (e.g., “expedites tasks” vs.
“minimizes human errors”), respondents indicated which benefit they considered more important. The
position of their response on the scale reflected the strength of their preference. A response placed
closer to either end of the line (e.g.,, near 9) indicated a stronger preference for that factor, while a
response near the center (e.g., near 3) suggested relative indifference between the two (Figure 1). We

Table 1. Statements used to compare perceived benefits and challenges of
generative Al usage

Perceived Benefits Perceived Challenges

Expedite task [ssue of intellectual property loss
Minimizes human errors Possibility of inaccurate information
Help with content creation Increase academic dishonesty
Grammar and writing check Risk of diminishing human creativity

Please carry out a pairwise comparison of the following set of factors that are likelv to be considered a
perceived benefit of generative artificial intelligsence. Please indicate which factor vou think 1s more
important by placing one mark farther to the left or right on each line that compares the pair of concepts
in the table. For example. compare the factor “Expedite tasks™ with “Mimimize human errors™ and mark
the option in the direction that accurately reflects the degree (strength) of vour opinion. Please note there
ﬁno ‘right” or “wrong answer, we are simply interested 1in your opimion.

Factors o | 7] s3] 1 [ 3]s 7o Factors
—— ——

Expedite task Minimizes human
errors

Expedite task Help wnith content
creation

Expedite task Grammar and
writing check

Mimimizes human Help wnith content

errors creation

Mimmizes human Grammar and

errors writing check

Help with content Grammar and

creation wnting check

1=Equally important; 3= Moderately more important; 3=More mmportant; 7=Very much more

important: 9=Extremely more important

Figure 1. The example of the factors used to solicit respondents’ perceived
benefits of generative artificial intelligence

applied the same format to assess preferences for four perceived challenges related to generative Al as
well. Following previous studies (Joshi et al. 2018; Starr et al. 2019), we calculated the geometric mean
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of individual responses and used these aggregated values to construct the comparison matrix described

in Equation (1).

In Table 2, we provide information regarding those survey variables included in the regression
and variables not reported in other figures. Their descriptions and means or proportions are included.

Table 2. Variable descriptions, definitions, unweighted means, and standard deviation

Mean/Prop
Variable (n value) Variable Description (std. dev.)
Dependent
Used* “1” if used Al, “0” if otherwise 0.42 (0.49)
Independent
Enhance learning Respondent’s level of agreement on the statement 3.13(1.01)
that Al complements and enhances their learning.
Measured on a Likert scale, 1=strongly disagree to 5=
strongly agree
User-friendly Respondent’s level of agreement on the statement 3.44 (0.99)
that Al is user-friendly. Measured on a Likert scale,
1 = strongly disagree to 5 = strongly agree
Overwhelming Respondent’s level of agreement on the statement 2.95 (0.97)
that the information provided by Al is overwhelming
and confusing. Measured on a Likert scale, 1 =
strongly disagree to 5 = strongly agree
Here to stay Respondent’s level of agreement on the statement 3.25 (0.98)
that the use of Al is here to stay in higher education.
Measured on a Likert scale, 1 = strongly disagree to
5 = strongly agree
Academic impact* Respondent’s extent of belief that Al has impacted 3.38 (0.67)
academic performance. Measured on a Likert scale,
1 = negatively impacted by a lot to 5 = positively
impacted
First-generation student* University attainment history in family, “1” if first 0.22 (0.42)
generation, “0” if otherwise
Educational status* Student standing, “1” if junior, senior, or graduate “0” 0.41 (0.49)
if freshman or sophomore
Age* Age in years 19.96 (1.97)
Minority* Student race, “1” if minority identified as African 0.28 (0.45)
American, Hispanic or Latino, Native American, Asian,
or other non-White racial or ethnic groups, “0” if
White (non-Hispanic)
Rural* “1” if student background is rural (farm or nonfarm), 0.57 (0.50)

“0” if suburban or urban

Notes: * Used in the regression model.
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Variables included in the logistic regression model are denoted with an asterisk. The dependent variable
for the regression model relates to whether a student adopted the use of generative Al In our sample,
slightly less than half of the respondents (42 percent) reported using it. Respondents indicated that the
most common way they learned about Al was through internet discussions and social media (41
percent). Approximately half of the students reported that they learned about Al through class
discussions (26 percent) or news media (24 percent). Very few indicated that they learned about it in an
official meeting or training (2 percent). When asked about the use of Al in their coursework, the majority
of respondents (59 percent) indicated that it is not used at all. Otherwise, students indicated that they
used it predominantly for research and analysis (27 percent). Very few respondents indicated that they
used it all the time (2 percent).

We also asked all respondents to report their experiences with potential challenges related to the
use of Al in higher education. Generally, respondents indicated that the experience was about the same
as expected. On average, using a 3-point scale from “worse than expected” to “better than expected,
challenges where respondents indicated a somewhat worse-than-expected experience, on average,
include assessing the reliability and accuracy of course materials (1.95), ascertaining ethical
considerations and responsible use (1.92), and privacy and security (1.94). Overall, respondents report
that Al's impact on their academic performance was slightly more positive than negative or had no
impact at all (3.34).

4 Results

The results of estimating Equation (1) from Survey A are reported in Section 4.1, and the results of
estimating Equations (2)-(5) from Survey B are reported in Section 4.2.

4.1 Results on Generative Al Usage (Survey A)

Students who responded to Survey A on generative Al perceptions were more likely to be in their first
year of college than to identify as first-generation college students. On average, respondents were 20
years old, and most students reported their ethnicity as White (72.5 percent) and their background as
rural (57 percent). We report the results of a logistic regression of Al use in Table 3. The model utilizes
380 observations due to nonresponse in the included variables. Regression modeling was carried out

Table 3. Logistic regression model of Al use in higher education (N = 380)

Robust
Variable Odds Ratio Standard Error
Al enhances learning 0.95 0.18
Al is user-friendly 1.86 0.32%**
Al output is overwhelming 0.71 0.10*
Al is here to stay 1.00 0.16
Impact on academics 3.28 0.88**
Education level 3.05 1.05**
Rural 0.55 0.13*
First generation 0.91 0.27
Minority 1.44 0.39
Age 0.80 0.09*

Notes: The null hypothesis for each odds ratio is that OR = 1, indicating no effect on the
likelihood of Al use.
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using STATA (version 16). The logistic regression results provide robust evidence for the factors
influencing student Al use. Our model utilizes a pseudo R-squared as an indicator of model fit. Our model
produces a pseudo R-squared of 0.63, demonstrating a good fit, indicating that the included variables
effectively explain the variation in Al use. We include nine explanatory variables and report odds ratios
instead of correlation coefficients to indicate a measure of effect size on the dependent variable. We
tested whether each odds ratio differs significantly from 1, which would indicate that the predictor
variable has a statistically significant effect on the odds of using generative Al. Odds ratios greater than 1
indicate increased odds, while odds ratios less than 1 indicate decreased odds of Al use. We also include
robust standard errors and p-scores. Three variables are significant at the 99 percent confidence level,
highlighting key drivers. The largest odds ratio among these is the variable for perceived positive impact
on academics (3.28, p = 0.000). A close second in terms of the odds ratio is education level (3.05,
p = 0.001), indicating that students are more likely to utilize Al as they advance in higher education. Last,
the user-friendliness of generative Al tools (1.86, p = 0.000) being a significant factor indicates that ease
of use is crucial for adoption (Chan and Lee 2023).

Three variables in the model are significant and have odds ratios of less than 1, indicating a
decrease in Al use. Older students are less likely to use Al (0.80, p = 0.040), as are rural students (0.55,
p = 0.012). Additionally, students who find Al output overwhelming (0.71, p = 0.014) are less inclined to
use these tools. Variables included in the model that showed no statistical significance include the
perceptions that Al enhances learning and that it is here to stay. Being a first-generation student is also
insignificant, indicating that these factors do not significantly influence Al adoption in our context. The
model was tested for multicollinearity of the variables using variable inflation factors. No variable
indicated multicollinearity in the model, ensuring the robustness of the findings.

4.2 Results on Perceived Challenges and Benefits (Survey B)

We now present results from Survey B, which focused on assessing the perceived challenges and
benefits of generative Al tools and comparing these results between students and their instructors. As
shown in Table 4, the respondents’ average age was 26 years old, about 29 percent were first-generation
students, and the majority of students reported their ethnicity as White (73 percent). Notably, 45
percent of the student respondents in Survey B were graduate students.

These data are analyzed using the AHP method. The validity of AHP models was determined
using a consistency ratio for each comparison, which provides insight into whether or not respondents
generally agree with their rankings of the challenges and benefits. A consistency ratio of less than 10
percent is excellent (Joshi et al. 2018). Both challenges and benefits for students and faculty show
consistency ratios of less than 10 percent, except for instructors on challenge rankings, which show a CR
of 15 percent. This is still within acceptable limits for this model’s explanatory power due to the
inherent subjectivity and complexity involved in pairwise comparisons (Tavana, Soltanifar, and Santos-
Arteaga 2023).

Using AHP analysis, priority scores (p) were calculated for each of the eight factors from the
survey. Table 5 displays the primary results separated by students and instructors. The priority scores
reveal how respondents prioritized the attributes used for comparison. It represents the relative
importance of each factor based on respondents’ pairwise comparisons. These scores are derived from
normalized weights in the Pairwise Comparison Matrix (PCM), where respondents compare factors
relative to one another rather than in isolation. The sum of all priority scores for a given category (e.g.,
Al challenges or benefits) equals 100 percent, meaning each factor’s score represents its relative
importance compared to others in the same category. For example, the highest-ranked challenge factor
is inaccurate information. Both students (35 percent) and instructors (40 percent) ranked it highest,
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followed by academic dishonesty and diminishing human creativity. In terms of benefits, students and
instructors disagreed on the top factor. For instructors, expediting tasks was the largest benefit (31
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Table 4. Key demographic characteristics of

students
Demographic Characteristics Sample
Average age (years) 26

Educational status

Undergraduate student 55%
Graduate student 45%
Background
Rural farm 42.35%
Rural nonfarm 14.35%
Suburban 30.59%
Urban 12.71%
Ethnicity
American Indian or Alaskan Native 9.41%
Asian / Pacific Islander 8.24%
Black or African American 2.12%
Hispanic 3.53%
White / Caucasian 72.71%
Multiple ethnicity/ Other 4.00%
Table 5. Factor Rankings for Challenges and Benefits of
Generative Al
Factor Rankings
Challenge or Benefit Attribute Instructors Students
Challenges
Intellectual property loss 18% 15%
Inaccurate information 35%* 40%*
Academic dishonesty 24% 24%
Diminishing human creativity 23% 22%
Benefits
Expedite task 31%* 22%
Minimize human error 23% 23%
Help with content creation 28% 17%
Grammar and writing check 18% 38%*

Notes: * Indicates highest-ranked factor
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percent), while using Al for grammar and writing checks was the top priority for students (38 percent).
Instructors ranked content creation as the next highest (28 percent), while students ranked minimizing
human error (23 percent). Instructors ranked expediting tasks as a key Al benefit (31 percent), while
students placed the highest value on Al's role in grammar and writing assistance (38 percent). Although
minimizing human error was not the top priority for instructors, students still considered it an
important function of Al (23 percent), suggesting that accuracy plays a role in their adoption decisions.
These findings highlight differences in how students and instructors perceive Al's value in academic
work, with students focusing more on writing support and instructors prioritizing efficiency and task
automation. In addition to Table 5, we include Figure 2 as a visual aid to illustrate these survey results
further, providing a comprehensive understanding of the differing priorities and perceived benefits of Al
between students and instructors.

= [nstructors Students

Intellectual property loss

40%
35%
Grammer and writing check 30% Inaccurate information
25%
20%
0
10%
5%
Help with content creation 0% Academic dishonesty
Minimize human Error Diminishing human creativity

Expedite task

Figure 2. Radar graph of AHP rankings of challenges and benefits
of Al in higher education

Notes: Instructors are denoted by the blue line and students by the orange line.

5 Discussion

This research examined how students and educators in ANR courses perceive and interact with
generative Al tools, with a focus on identifying the factors that influence their usage behavior. Although
the study sample is drawn from only two departments, the inclusion of required general education
courses that attract students from a broad range of majors within the College of Agriculture ensures that
the sample reflects a diverse and representative cross section of the ANR student population. The
investigation was driven by the need to understand how diverse educational and sociodemographic
contexts influence perceptions of the benefits and challenges of generative Al, impacting adoption
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behavior in specialized higher education courses. Findings underscore the importance of considering
rural and nonrural distinctions in the adoption of generative Al among agricultural students, as
geographic background plays a crucial role in shaping their perceptions and engagement with
technology. While the term diversity is often associated with race, ethnicity, or gender, in this study it
refers to the variation in students’ experiences based on their rural or nonrural upbringing. Our findings
indicate that rural students are less likely to use generative Al, which may reflect lower prior exposure
to digital tools or reduced familiarity with Al technologies. By emphasizing these geographic disparities,
we provide insights into how institutions can tailor Al-related instructional strategies to support
students from varying backgrounds.

Our sample revealed that slightly less than half of the respondents use generative Al, primarily
learning about it through internet discussions and social media, aligning with studies on social media’s
influence among younger demographics (Constantinides and Zinck Stagno 2011). Our results indicate
that rural students and first-year undergraduate students are less likely to use Al, which may reflect
differences in exposure to these tools. While our study does not directly measure skepticism, prior
research suggests that rural students may face distinct barriers to Al adoption, including limited access
to resources and potential skepticism toward new technologies. Barriers also include disparities in
access to high-speed internet, fewer opportunities for early exposure to advanced digital tools, and
educational experiences that emphasize traditional instructional methods over emerging technologies
(Keane et al. 2008; Irvin et al. 2011; Byun et al. 2012). These factors may contribute to differences in Al
adoption behaviors, particularly in the early stages of higher education. However, further research is
needed to directly examine the relationship between these barriers and perceptions of Al. First-year
students are often adapting to new learning environments and technologies used in higher education
settings (Tieken 2016), which can influence their perceptions and openness to generative Al tools. Our
findings indicate that students who perceive Al-generated information to be overwhelming are less
likely to use it. Additionally, concerns about inaccurate Al-generated content were ranked as the most
significant challenge among both students and instructors. These concerns may contribute to hesitancy
in viewing Al as a reliable tool for interactive learning, particularly for students who prioritize accuracy
in their educational materials. Our finding that Al-generated information is perceived to be
overwhelming, coupled with rural students’ significantly lower Al adoption rates, suggests that
familiarity and prior exposure to technology may influence adoption behaviors. Given prior research on
rural students’ learning preferences (Irvin et al. 2011), it is possible that some students—particularly
those with limited prior engagement with AlI—may feel more comfortable with traditional, structured
learning environments. However, additional research is needed to directly assess these relationships.

The Al usage concerns revealed by the survey results align with findings across various
disciplines. Both students and instructors emphasize the importance of transparency and accountability
in Al technologies, similar to concerns in healthcare and finance (Davenport and Ronanki 2018; Morley
et al. 2020). Loss of human interaction and potential bias and inaccuracies in Al outputs are significant
issues for both groups, reflecting broader apprehensions about AI's role in higher education, similar to
other fields such as healthcare (Morley et al. 2020) and criminal justice and media (Sharma and Yadav
2022). These findings suggest that while students recognize the benefits of content creation and its
potential to enhance learning, significant concerns about the technology’s reliability and ethical use for
both students and educators must be addressed to maximize educational advantages (Goel 2020; Kuleto
et al. 2021; Strzelecki 2023).

Regression analysis identified key drivers of generative Al usage: students who perceive a
positive academic impact from Al and find it user-friendly are more likely to use it. Familiarity with Al
increases with advancement in each academic year, while older students and those from rural
backgrounds are less likely to adopt Al This is likely due to lower familiarity with recently released tools
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among older students and limited exposure and access to advanced technologies among rural students.
Past studies have highlighted the fact that access to technological resources and educational
opportunities often differs between rural and urban settings (James et al. 1999; Irvin et al. 2011; Byun et
al. 2012; Tieken 2016). Additionally, students who find Al output overwhelming are less inclined to use
these tools, underscoring the importance of usability and clarity in Al-generated information (Chan and
Lee 2023). Perceptions that Al enhances learning and that it is here to stay as well as being a first-
generation and a minority student were insignificant, indicating that these factors do not significantly
influence Al adoption in our context.

AHP results highlighted shared concerns among students and educators about the reliability of
Al-generated content, the potential for cheating, and the impact on creative abilities, underscoring the
need for accurate and reliable Al tools that support critical thinking and innovation. These results align
with findings from various educational disciplines, where Al can enhance productivity for instructors by
automating tasks and improving students’ performance and confidence in producing written work
(Nguyen et al. 2021; Dwivedi et al. 2023). Instructors ranked content creation highly, while students
valued minimizing human error, reflecting their desire for accuracy and precision in academic work
(AlAfnan et al. 2023; Javaid et al. 2023).

The study’s findings further emphasize the importance of addressing diverse technological needs
and perceptions among different adopter groups. Seniors and graduate students are typically already
proficient in technology. They primarily use Al for specific tasks, such as research and analysis, reflecting
its niche application and gradual integration into the curriculum. Their willingness to experiment with
new tools and share their positive experiences could potentially encourage hesitant students and
educators to consider using generative Al (Cley et al. 2015; Tiwari et al. 2023). In contrast, older
students and those from rural backgrounds showed significant resistance due to skepticism and limited
exposure, highlighting the need for extensive support and reassurance to foster Al adoption among this
group (Irvin etal. 2011; Mogavi et al. 2024).

A few limitations of this study are worth noting. The findings draw on two distinct surveys: one
conducted with students enrolled in required general education courses, which attract participants from
a range of departments such as animal science, plant and soil science, biochemistry, and biosystems and
agricultural engineering; and a second administered in more advanced, discipline-specific courses. While
this approach yields a broad and representative cross section of the College of Agriculture, it does not
encompass all specialized fields within the ANR domain. Additionally, we have yet to solicit insights from
university administrators on this issue. While our study identifies rural background as a potential factor
in generative Al adoption, we recognize that a single survey question does not fully capture the
underlying reasons for lower adoption rates. Future research should investigate whether factors such as
limited high school exposure to Al tools, digital literacy disparities, or inadequate internet access
contribute to these differences. Similarly, we did not include respondent gender in our survey, which
limited our ability to discern how gender may impact regenerative Al adoption. Expanding the analysis
to include these contextual elements would provide a clearer understanding of the barriers rural
students face and strengthen the implications of our findings. Tailored research is crucial for effectively
optimizing the use of Al in ANR education, addressing the unique needs of diverse stakeholders.
Therefore, we recommend that future research focus on university administrators, as their perspectives
will offer valuable insights into how generative Al tools can best support educational outcomes in
specialized fields, ensuring that Al enhances rather than disrupts the educational process. Nevertheless,
our study has provided a comprehensive understanding of Al adoption behavior among diverse groups
of students and educators. While the study was focused on one land-grant university, the results have
broader applications due to the global presence of ANR disciplines.
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6 Conclusion

This study offers empirical insights into how students and educators in select agriculture and natural
resources (ANR) courses perceive and utilize generative Al tools. Our findings suggest that perceived
academic benefits, user-friendliness, and technological familiarity are key drivers of adoption, while
concerns about information overload and inaccuracy hinder the broader use of these tools. Notably,
seniors and graduate students are more likely to use generative Al compared to first-year and rural
undergraduate students, highlighting important disparities that institutions should address when
integrating Al into their curricula.

While this research contributes to understanding the adoption of generative Al in the ANR
context, several limitations warrant mention. The study focused on two departments within a single
land-grant university, which may limit the generalizability of the findings to other institutions or
disciplines. Additionally, the study did not capture other factors, such as gender or prior exposure to Al
during high school, which could further influence adoption behaviors. Future research should consider a
more diverse range of institutions and explore these additional contextual factors to deepen
understanding of student and instructor perspectives.

In conclusion, addressing students’ varying levels of familiarity and comfort with Al, especially
among rural and first-year students, who may be less technologically proficient, is crucial for the
equitable integration of generative Al in higher education. Tailored training, targeted support, and clear
guidelines can help maximize Al's potential while minimizing concerns about misuse or information
accuracy. By aligning institutional strategies with the diverse needs of students and educators,
universities can ensure that the benefits of generative Al tools are accessible and meaningful across all
segments of the ANR student community.
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