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Understanding Graduate Student Perceptions of Generative AI  
Using an Expectancy-Value Theory Approach 
 
Introduction 

Artificial intelligence (AI) has become popular across many sectors of our lives. Research shows that AI has been present on the technical front through integrated technologies associated with equipment and production tasks (Arora et al., 2020; Lu et al., 2022). As the prevalence of generative AI increases in these spaces, so does its presence in teaching and writing workshops on our campuses. Okaiyeto and colleagues (2023) address the challenges of generative AI in agricultural programs, largely in the field of agricultural and biological engineering. Yet, no work has been conducted in the agricultural social sciences disciplines. 
It is imperative to include the student perspective in these conversations, yet there is minimal research given the novelty of accessible generative AI platforms. 
 
Conceptual Framework 

Expectancy-Value Theory suggests students’ decisions to use AI tools are influenced by their expectation to succeed and the value they assign to completing the task. Expectations to successfully use AI tools are informed by student’s perceived knowledge and familiarity with those tools (Venkatesh et al., 2003; Wigfield & Eccles, 2000). According to EVT, value is composed of attainment value, intrinsic value, utility value, and cost (Wigfield & Eccles, 2000). If using AI tools is perceived to lead to an important outcome, it has attainment value. If using AI tools is perceived to lead to personal enjoyment, it has intrinsic value. Perceived practical benefits of using AI tools, like improved skills, lead to a sense of utility value. The cost refers to any negative results of using AI tools, which could be becoming overly reliant on the tools or limiting opportunities to engage with others (Chan and Zhou 2023; Wigfield & Eccles, 2000). 
 
Methods 

This study examined perceptions held by graduate students in two agricultural social science courses of generative AI knowledge, valuation, cost, and intention to use. Drawing on research conducted by Chan and Zhou (2023), we used their existing 23-item instrument based on Expectancy-Value Theory to examine the generative AI knowledge, valuation, cost, and intention to use perceptions of graduate students enrolled in social science coursework. The instrument's reliability was established previously by acceptable Cronbach alpha values greater than 0.7. We added questions about student perceptions of generative AI’s impact on agriculture and natural resources industries. All perception items were asked on 5-point, Likert-type scales (1 = Strongly Disagree to 5 = Strongly Agree). Using convenience sampling, the survey was distributed to graduate students enrolled in two graduate-level courses at two universities during the Fall 2023 semester. Descriptive statistics, Pearson’s r correlations, and a multiple linear regression were used to address the study’s purpose. SPSS v.29 was used for data analysis.  
 
Results 

Respondents (N = 48) were mostly on-campus (73.5%) master’s (57.1%) students who had been enrolled in graduate school for an average of 2.5 semesters at the time of the study. The frequency of generative AI use varied among the students but was overall low (never = 33.6%; rarely = 22.0%; sometimes = 28.9%; often = 9.6%; always = 5.9%) in response to the question I have used generative AI technologies like Chat GPT. Descriptive analysis suggests students’ knowledge of AI (M = 4.16, SD = .68), their perceived value of AI (M = 3.52, SD = .80), perceived cost of using AI (M = 3.33, SD = .99), and their intention to use AI (M = 3.33, SD = .99) are moderate with low variability across the sample. Respondents tended to agree (M = 4.06, SD = .73) that generative AI would impact agriculture and natural resources industries in a neutral to positive (M = 3.85, SD = .77) manner.  
Pearson's r correlation analyses were used to identify relationships between perception variables. Students’ value of AI had a positive, significant, and very high relationship with intention to use AI tools (r = .730, p <.001) (Davis, 1971). Students’ perceived cost of using AI had a negative, significant, and high relationship with their intention to use AI tools (r = -.606, p <.001). No relationship was found between students’ knowledge of AI and their intention to use it (r = -.021, p = .890). Multiple linear regression was used to determine how perceived value of AI and the perceived cost of using AI predict graduate students’ intention to use AI tools. The statistically significant multiple linear regression model (F = 29.21, p = <.001) revealed the combination of predictor variables explained 56.5% (𝑅2=.565) of the variance of intention with a large effect size (f2 =1.29) (Cohen, 1988). Of the predictor variables, only value of AI was found to be significant (p = <.001).  
Discussion 

Unlike Chan and Zhou (2023), we found only value and cost were correlated with intention to use AI tools. There was not a relationship between knowledge and intention in our study. We took Chan and Zhou’s work a step further by exploring the predictive power of those relationships and determined the students’ value of AI was the strongest predictor of AI tool use. As the researchers suggested in their work, we found what could be contextually dependent differences in our results. Future research should expand our survey to a wider range of agricultural social sciences graduate students to see if our findings hold true among a greater sample of the population. These same measurements could be expanded to any number of audiences, including undergraduate and graduate students across the broader colleges of agriculture disciplines, faculty, Extension agents, and secondary teachers of agriculture. 
AI tools are increasingly prevalent in agricultural and natural resources industries and their associated higher education classrooms (Arora et al., 2020; Lu et al., 2022; Okaiyeto et al., 2023). Our respondents agree that AI will impact these industry segments, perhaps for the better. To help students engage with such a shift, results suggest educators should focus on fostering the value graduate students see in using generative AI tools in their scholarly and professional endeavors. This could include the adaptation of assignments and coursework to incorporate AI use and to demonstrate through instructional strategies how to adopt AI usage ethically and efficiently. The adoption of new technologies into the classroom space supports previous work that by utilizing innovative learning experiences, skill development associated with new technology is good for the learner (Murphrey et al., 2013). These students do not frequently use these tools and could benefit from greater exposure and understanding of how to use them appropriately in their academic and professional work. AI tools can empower graduate students to engage in contemporary strategies for approaching advancements across the agricultural and natural resources industries.  
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