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Artificial intelligence (AI) has become a prominent tool in education; however, limited research has examined its adoption within specific disciplines, such as agricultural education. This study examined school-based agricultural education (SBAE) teachers’ use of AI across the three-circle model areas: classroom instruction, supervised agricultural experiences, and FFA. Using the theory of planned behavior, it also identified factors predicting AI usage. A sample of 162 SBAE teachers completed a survey measuring AI tool usage, attitudes, subjective norms, perceived behavioral control, and intentions to use AI. Results indicated that AI usage was most prominent in classroom and laboratory instruction. Teachers held favorable attitudes toward AI as a teacher-supported tool but expressed uncertainty about student-facing and FFA and SAE-related uses. Correlational and regression analyses revealed intention was the strongest predictor across all three circles. Perceived behavioral control significantly predicted classroom AI usage, and subjective norms significantly predicted AI usage in FFA and SAE. These findings suggest that AI adoption within SBAE is context-driven and influenced by distinct beliefs across program components. Targeted professional development, ethical guidance, and policy support are needed to address norms and constraints to promote responsible and balanced AI integration across all components of agricultural education. 

Introduction/Theoretical Framework
 
Artificial intelligence (AI) is increasingly reshaping educational practice across K-12 and postsecondary contexts, influencing instructional design, assessment, and student support systems (Martin et al., 2023; Yau et al., 2022). AI-driven technologies are now used for tasks such as personalized learning, automated feedback, academic performance prediction, and instructional planning, signaling a shift from experimental use toward broader institutional adoption (Martin et al., 2023; Yousuf & Wahid, 2021). As these technologies become more accessible and embedded in educational systems, teachers are encountering AI not merely as an optional innovation, but as an emerging feature of the educational landscape that may influence pedagogical decision-making (Kim & Kim, 2022). 

Within agricultural education, the emergence of AI presents both unique opportunities and distinct challenges. School-based agricultural education (SBAE) teachers operate within the three-circle model of agricultural education, which integrates classroom and laboratory instruction, Supervised Agricultural Experiences (SAEs), and participation in the National FFA Organization (Phipps et al., 2008). Rather than functioning as isolated elements, the three circles are designed to reinforce one another, promoting student learning through applied instruction, experiential learning, and leadership development (Roberts & Ball, 2009). SBAE programs intentionally connect all three components to support comprehensive student development, including technical competence, career readiness, and personal growth (Croom, 2008). 

Previous research emphasized the importance of balance and integration among the three circles (Phipps et al., 2008; Roberts & Dyer, 2004). Teachers play a central role in facilitating connections across classroom instruction, SAE projects, and FFA activities, often serving as instructional designers, mentors, and advisors simultaneously (Talbert et al., 2014). Because SBAE teachers are responsible for implementing instructional innovations across multiple learning contexts, the adoption of emerging technologies such as AI has the potential to influence all three components of the model. AI tools have the potential to support instruction across all three components, including data-informed instructional planning, enhanced feedback on SAE documentation, and support for leadership and communication activities associated with FFA programs (Hess, 2023). However, the rapid expansion of AI use has also intensified concerns regarding ethical practice, particularly issues related to plagiarism, authorship, transparency, and accountability in educational contexts (Hosseini et al., 2023).

Although AI integration is expanding across educational systems, research suggests teachers’ responses to AI remain complex (Woodruff et al., 2023; Yau et al., 2022). Researchers examining teachers’ perceptions of AI generally report positive attitudes toward its potential instructional benefits, including efficiency, personalization, and decision-making support (Ayanwale et al., 2022; Kim & Kim, 2022). Despite these favorable perceptions, many teachers report uncertainty regarding AI’s capabilities, limitations, and appropriate classroom applications, particularly in the absence of formal training or institutional guidance (Woodruff et al., 2023). Concerns related to trust, data transparency, and the perceived threat of job displacement are also documented, contributing to hesitancy toward AI adoption among some educators (Nazaretsky et al., 2022). 

While a growing body of literature examined AI adoption, attitudes, and professional development needs among teachers broadly, limited attention has been given to discipline-specific contexts such as SBAE. Previous research in SBAE showed teachers often feel underprepared to integrate advanced technologies including robotics, unmanned aerial systems, and artificial intelligence into their curricula (Akwah et al., 2024; Clemons et al., 2018; Smalley et al., 2019). These studies also documented substantial professional development needs related to emerging agricultural technologies (Clemons et al., 2018; Smalley et al., 2019). However, existing research has not focused on SBAE teachers’ attitudes, behavioral intentions, or ethical concerns related to AI use across classroom instruction, FFA participation, and SAE project development.

The study is guided by the theory of planned behavior (Ajzen, 1991), which has been widely used in educational technology research to predict behavioral intentions and actions based on attitudes, subjective norms, and perceived behavioral control (Fishbein & Ajzen, 2010). In educational and professional settings, attitudes toward new practices or technologies are consistently linked to stronger intentions to adopt them (Ajzen, 1991). Positive evaluations of a behavior increase the likelihood or engagement, particularly when individuals perceive the behavior as useful or aligned with their values (Ajzen, 1991). Subjective norms, such as perceived expectations from colleagues, administrators, or the profession also play an important role in shaping intentions, especially in organizational and instructional contexts where social approval and professional culture matter (Ajzen, 1988; Schultz et al., 2007). Perceived behavioral control further contributes to intention formation by reflecting individuals’ confidence in their ability to implement behavior given available skills, resources, and constraints (Armitage & Conner, 2001). 

Together, attitudes, subjective norms, and perceived behavioral control function as core determinants of behavioral intention (Figure 1). A favorable attitude, supportive social norms, and high perceived control jointly predict strong intention to perform a behavior (Ajzen, 1991; Fishbein & Ajzen, 2010). Perceived behavioral control may also directly predict behavior, particularly when actual control is limited or variable, meaning that intention alone may be insufficient when individuals lack the necessary opportunities or resources to act (Ajzen, 2004; Bandura, 1997). The theory additionally recognizes that background factors such as personality, values, prior experience, and demographic characteristics influence behavior indirectly by shaping the beliefs that underlie attitudes, norms, and perceived control (Ajzen, 2011).
 
Figure 1
Model of the Original Theory of Planned Behavior (Ajzen, 1991)
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Purpose/Objectives
 
The purpose of this study was to examine SBAE teachers’ usage of artificial intelligence (AI) within the context of the three-circle model of agricultural education. Guided by the theory of planned behavior (TPB), the study investigated how teachers’ attitudes, perceived social norms, perceived behavioral control, and intention influence their AI usage. The following research objectives were used to accomplish the purpose of this study:
 
1. Identify AI tools used by SBAE teachers.
2. Determine frequency of AI usage in the SBAE classroom/laboratory, SAE, and FFA.
3. Describe SBAE teachers' attitudes, subjective norms, perceived behavioral control, and behavioral intentions toward using AI. 
4. Describe the relationship between SBAE teachers’ attitudes, subjective norms, perceived behavioral control, intentions of AI usage, and frequency of AI usage. 
5. Predict frequency of SBAE teacher AI usage based on the TPB.

Methods/Procedures
 
For this study, we employed a descriptive, exploratory cross-sectional research design to explore SBAE teachers’ use of AI within the context of the three-circle model of agricultural education. Participants were SBAE teachers currently employed in Texas in the 2025-2026 school year. A non-probability, convenience sampling method was used for data collection. Participants were recruited at a statewide agricultural education conference using digital QR codes linked directly to the online survey hosted in Qualtrics. iPads at the university expo booth were also available for survey distribution. This sampling strategy was intended to maximize participation among a highly relevant population while maintaining feasibility and logistical efficiency. Non-probability sampling is considered acceptable in exploratory studies when targeting a specific and accessible population (Dillman et al., 2014; Fink, 2013). 

A cross-sectional survey design is appropriate for capturing a snapshot of current practices and beliefs at a single point in time (Creswell & Creswell, 2018). We collected data through a quantitative, self-administered online questionnaire distributed via Qualtrics. Participation was voluntary, and informed consent was obtained at the beginning of the questionnaire. To describe our sample, we identified current demographic characteristics, including years of experience, age, school size, teaching load, and teaching area of SBAE teachers sampled. The majority of participating teachers were in the early career stage (f = 89, 54.9%), followed by mid-career teachers (f = 48, 29.0%) and late-career teachers (f = 24, 14.8%), with one missing response (f = 1, 0.6%). Participants’ ages ranged from 20 to 70 years. Regarding school context, the largest proportion of teachers (f = 40, 24.7%) reported teaching in schools with student populations between 550 and 1,304 students. This was followed by schools with enrollments of 105 to 245 students (f = 31, 19.1%), 2,215 students or more (f = 30, 18.5%), 1,305 to 2,214 students (f = 27, 16.7%), and 246 to 549 students (f = 25, 15.4%). The smallest proportion of teachers (f = 9, 5.6%) taught in schools with student populations of 104 students or fewer. A majority of the teachers had a class load of six classes per semester (f = 35, 21.6%), followed by seven classes (f = 32, 19.8%), then five classes (f = 24, 14.8%), four (f = 21, 13.0%), three (f = 18, 11.1%), two (f = 17, 10.5%), eight (f = 10, 6.2%), and one (f = 5, 3.1%). The primary teaching area of the teachers sampled were animal systems (f = 61, 37.6%), followed by power, structural and technical systems (f = 35, 21.6%), plant systems (f = 32, 19.8%), principals of agriculture (f = 31, 19.1%), other (f = 2, 1.2%), and food products and processing systems (f = 1, 0.6%). A majority of the teachers were female (f = 109, 67.3%), followed by males (f = 50, 30.9%), and three missing data points (f = 3, 1.9%). 

Prior to full deployment, we pilot tested the survey with a small group of 15 graduate students to establish face and content validity. We used the pilot test to assess survey flow and clarity, confirm the appropriateness of item wording and order, estimate average completion time, and identify any technical or usability issues. Feedback from the pilot test informed minor revisions to the instrument prior to field distribution at the conference. The survey instrument consisted of seven sections: 1) attitude toward AI usage, 2) perceived subjective norms on AI usage, 3) perceived behavioral control of AI, 4) intentions of using AI, 5) frequency of AI usage within the three-circle model, 6) AI tools, and 7) demographics. Survey items were developed based on the theory of planned behavior item construction guidelines (Ajzen, 1991), with wording adapted to reflect AI usage in SBAE contexts. Attitude items assessed teachers’ evaluations of AI usage, while subjective norm items measured perceived expectations from salient referent groups, including administrators, colleagues, students, and professional networks. Some items also reflected perceived usefulness constructs commonly used in technology adoption research (Davis, 1971). Researchers conducted a post hoc reliability analysis of each of the TPB constructs. Each of the constructs yielded a high reliability estimate: attitude (α = .91), subjective norms (α = .89), perceived behavioral control (α = .91), and intentions (α = .93). 
We analyzed data using SPSS Version 31.0. Prior to analysis, data were screened for accuracy and missing values. We used descriptive statistics, including frequencies, percentages, means, and standard deviations, to summarize participant demographic characteristics, AI tool usage, and frequency of AI usage across the three-circle model of agricultural education. These analyses addressed the objectives related to identifying AI tools used by SBAE teachers and determining the frequency of AI use in classroom and laboratory instruction, SAEs, and FFA-related activities. To describe SBAE teachers’ attitudes, subjective norms, perceived behavioral control, and behavioral intentions toward AI usage, we calculated composite scale scores by averaging item responses within each construct. Pearson product–moment correlation coefficients were calculated to examine relationships among attitudes, subjective norms, perceived behavioral control, behavioral intentions, and frequency of AI usage (Field, 2018). These analyses addressed the objective related to describing relationships among TPB constructs and AI usage frequency. To predict the frequency of AI usage based on the theory of planned behavior, we conducted a multiple linear regression analysis. Attitudes, subjective norms, perceived behavioral control, and behavioral intentions were entered as predictor variables, with frequency of AI usage serving as the criterion variable. Assumptions of multiple regression, including normality, linearity, independence of errors, and multicollinearity, were evaluated prior to interpretation of results. Statistical significance was set a priori at α = .05. There were several limitations to this study including generalizability, instrumentation, and design. The use of non-probability sampling such as convenience sampling, limits generalizability beyond those who attended the state conference. Although this was appropriate for an exploratory topic, findings are not representative of all SBAE teachers across the state or nation. Second, the instrument was a self-reported questionnaire instrument which may be subject to bias. Participants may have over or underestimated their usage of AI. The use of a cross-sectional survey design captures teachers’ perceptions and behaviors at one point in time and does not allow for changes over time. The survey was grounded in the theory of planned behavior and the three-circle model; therefore, the findings should only interpret the scope of SBAE in the model and theory. 
Results/Findings

The first objective was to identify AI tools used across the three components of the agricultural education model (classroom/laboratory, SAE, and FFA). Table 1 summarizes the frequency and percentage of AI tools used by SBAE teachers (N = 162). The majority of respondents reported using ChatGPT (f = 132, 81.5%). Magic School AI was the second most frequently reported tool (f = 57, 35.2%), followed by Gemini (f = 30, 18.5%). Less than 10% of respondents reported using Breezy TA (f = 12, 7.4%) or selected “Other” AI tools (f = 11, 6.8%). A total of 13 respondents (f = 13, 8.0%) indicated they did not use any AI tools. All remaining tools were each reported by fewer than 3% of respondents (f = 3, 1.8%).
 
	Table 1 
SBAE Teachers Reporting Usage of Specific AI Tools (N =162)

	AI Tool
	n
	%

	ChatGPT
	132
	81.5

	Magic School AI
	57
	35.2

	Gemini
	30
	18.5

	No AI Tools
	13
	8.0

	Breezy TA
	12
	7.4

	Other
	11
	6.8

	Copy.ai
	4
	2.5

	TechMateAI
	2
	1.2

	Writesonic
	1
	0.6

	Perplexity
	1
	0.6

	Jasper AI
	1
	0.6

	
In Table 2, we present the mean scores and standard deviations for SBAE teachers’ frequency of AI usage across the three- circle model for the second objective. The highest mean frequency of AI usage was reported for classroom/laboratory instruction (M = 3.34, SD = 1.25), followed by FFA (M = 3.06, SD = 1.28). The lowest mean frequency of AI usage was reported for the SAE component (M = 2.50, SD = 1.27).
 
Table 2
Frequency of SBAE Teacher AI Usage in the Three Components of SBAE (N = 162)

	Variable
	M
	SD

	Classroom/Laboratory 
	3.34
	1.25

	FFA
	3.06
	1.28

	SAE
	2.50
	1.27


Note. 1= Never, 2 = Rarely, 3 = Sometimes, 4 = Often, 5 = Very Often.
Objective three assessed SBAE teachers' attitudes, subjective norms, perceived behavioral control, and behavioral intentions toward using AI. In Table 3, we present mean scores and standard deviations for SBAE teachers’ attitudes toward AI (N = 161). The highest mean score was observed for the statement using an AI assistant to help with tasks associated with crafting elements within classroom/laboratory preparation (M = 4.03, SD = .82). Mean scores were also high for perceptions that AI enhances the work of teachers (M = 4.02, SD = .91) and AI enhances the quality of teaching (M = 4.02, SD = .81). Using an AI assistant to help (with tasks associated with) craft elements within FFA preparation is favorable followed (M = 3.86, SD = .88), along with using an AI assistant to help (with tasks associated with) craft elements within SAE preparation is favorable (M = 3.74, SD = .90). Artificial intelligence enhances the quality of learning were similar (M = 3.73, SD = .95). The lowest mean score was reported for the statement AI is good for students (M = 3.35, SD = .92). 
	Table 3 
Attitudes of Agricultural Science Teachers Towards AI (N = 161)

	Variable
	M
	SD

	Using an AI assistant to help (with tasks associated with) crafting elements within classroom/laboratory preparation is favorable.
	4.03
	.82

	AI enhances the work of teachers.
	4.02
	.91

	AI enhances the quality of teaching.
	4.02
	.81

	Using an AI assistant to help (with tasks associated with) craft elements within FFA preparation is favorable.
	3.86
	.88

	Using an AI assistant to help (with tasks associated with) craft elements within SAE preparation is favorable.
	3.74
	.90

	Artificial intelligence enhances the quality of learning. 
	3.73
	.95

	AI is good for students.
	3.35
	.92

	Overall Attitude Toward AI Usage
	3.82
	.88


Note. 1 = Strongly Disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly Agree.
In Table 4, we summarize mean scores and standard deviations for subjective norms related to AI usage among SBAE teachers (N = 161). The highest mean scores were reported for perceptions that many peers think using AI tools to enhance FFA preparation is a favorable practice (M = 3.62, SD = .88) and many peers think using AI tools to enhance SAE preparation (M = 3.61, SD = .86). My professional networks expect me to use AI in my future classroom followed (M = 3.54, SD = .92). My future students will expect me to use AI in my classroom (M = 3.42, SD = .97) and my peers (e.g.-other ag teachers) expect me to use AI in my future classroom (M = 3.40, SD = .98) were similar. Mean scores for colleagues (e.g.-other teachers and support staff) at my future school will expect me to use AI in my classroom (M = 3.33, SD = 1.06) and administrators (e.g.-principals and assistant principals) at my future school will expect me to use AI in my classroom (M = 3.21, SD = 1.10) were slightly lower. The lowest mean score was reported for perceptions that parents of future students will expect AI use in the classroom (M = 2.95, SD = .90).
Table 4 
Subjective Norms of SBAE Teachers Towards AI (N = 161)
	Variable
	M
	SD

	Many of my peers think using AI tools to enhance FFA preparation is favorable practice.
	3.62
	.88

	Many of my peers think using AI tools to enhance SAE preparation is favorable practice. 
	3.61
	.86

	My professional networks expect me to use AI in my future classroom. 
	3.54
	.92

	My future students will expect me to use AI in my classroom.
	3.42
	.97

	My peers (e.g.-other ag teachers) expect me to use AI in my future classroom.
	3.40
	.98

	Colleagues (e.g.-other teachers and support staff) at my future school will expect me to use AI in my classroom.
	3.33
	1.06

	Administrators (e.g.-principals and assistant principals) at my future school will expect me to use AI in my classroom.
	3.21
	1.10

	Parents of my future students will expect me to use AI in my classroom.
	2.95
	.90

	Overall Subjective Norms Toward AI Usage
	3.39
	.99


Note. 1 = Strongly Disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly Agree.

In Table 5, we report mean scores and standard deviations for perceived behavioral control related to AI use among SBAE teachers (N = 161). The highest mean score was reported for the statement I can use AI in my future classroom (M = 4.18, SD = .86). Mean scores for perceptions related to the ability to support student learning using AI (M = 4.04, SD = .86) and having the time to use AI in the future classroom (M = 3.91, SD = .93) followed. I will have the knowledge (e.g.- current training and/or future professional development) to use AI in my future classroom, yielded a similar mean (M = 3.87, SD = 1.00). Mean scores for I will have support (e.g.- technology support, staff, administrative support) to use AI in my future classroom (M = 3.71, SD = .98) and I can overcome any obstacles to using AI in my teaching (M = 3.67, SD = .99) were slightly lower. 

	Table 5 
Perceived Behavioral Control of SBAE Teachers Towards AI (N = 161)

	Variable
	M
	SD

	I can use AI in my future classroom.
	4.18
	.86

	I can support students learning by using AI. 
	4.04
	.86

	I will have the time to use AI in my future classroom. 
	3.91
	.93

	I will have the knowledge (e.g.- current training and/or future professional development) to use AI in my future classroom.
	3.87
	1.00

	I will have support (e.g.- technology support, staff, administrative support) to use AI in my future classroom.
	3.71
	.98

	I can overcome any obstacles to using AI in my teaching.  
	3.67
	.99

	Overall Perceived Behavioral Control Towards AI Usage
	3.90
	.94


Note. 1 = Strongly Disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly Agree.
In Table 6, we present mean scores and standard deviations for SBAE teachers’ intentions to use AI (N = 161). The highest mean score was reported for the statement I am willing to use AI in my future classroom (M = 4.19, SD = .80). I plan to utilize AI tools to help me with certain elements of my classroom/laboratory preparation this next year followed (M = 4.16, SD = .84). Mean scores for I plan to utilize AI tools to help me with certain elements of FFA preparation of this next year (M = 3.89, SD = .88) and I will use AI to facilitate instruction in my future classroom (M = 3.86, SD = .93) were slightly lower. The lowest mean score among the intention items was I plan to utilize AI tools to help me with certain elements of SAE preparation this next year (M = 3.77, SD = 1.01). 
Table 6 
Intention of AI Usage of Agricultural Science Teachers Towards A (N = 161)
	Variable
	M
	SD

	I am willing to use AI in my future classroom. 
	4.19
	.80

	I plan to utilize AI tools to help me with certain elements of my classroom/laboratory preparation this next year.
	4.16
	.84

	I plan to utilize AI tools to help me with certain elements of FFA preparation of this next year. 
	3.89
	.88

	I will use AI to facilitate instruction in my future classroom.
	3.86
	.93

	I plan to utilize AI tools to help me with certain elements of SAE preparation this next year.
	3.77
	1.01

	Overall Intention to Use AI
	3.97
	.89


Note. 1 = Strongly Disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly Agree.

We present the relationships between AI usage across the three-circle model and the theory of planned behavior in Table 7. Attitude toward AI was positively related to subjective norms (r = .551), perceived behavioral control (r = .785), and intention to use AI (r = .801). Subjective norms were moderately correlated with perceived behavioral control (r = .486) and intention (r = .505), while perceived behavioral control is shown to have a strong relationship with intention (r = .811). All TPB variables were positively associated with AI usage across contexts, with intention moderately correlated with classroom/laboratory (r = .527), SAE (r = .469), and FFA usage (r = .504). AI usage across contexts was strongly correlated, particularly between SAE and FFA (r = .762). 

	Table 7

	Relationships Between AI Usage and TPB Variables

	Variable
	1
	2
	3
	4
	5
	6
	7

	1. Attitude
	-
	
	
	
	
	
	

	2. Subjective Norms
	.551
	-
	
	
	
	
	

	3. Perceived Behavioral Control
	.785
	.486
	-
	
	
	
	

	4. Intention
	.801
	.505
	.811
	-
	
	
	

	5. AI Usage Classroom/Laboratory
	.433
	.334
	.518
	.527
	-
	
	

	6. AI Usage SAE
	.385
	.435
	.401
	.469
	.648
	-
	

	7. AI Usage FFA
	.407
	.373
	.427
	.504
	.748
	.762
	-


Note. All correlations were significant at the .01 level. 

	To address objective five, we estimated regressions for each of the three components of the agricultural education model. We used the four variables in the TPB (attitude, subjective norms, perceived behavioral control, and intention) for estimating each model. When predicting classroom/laboratory AI usage in Table 8, residuals statistics indicate the assumption of collinearity was not violated (Field, 2018). The model was statistically significant (R² = .298, p < .001). Perceived behavioral control (B = .536, p = .014) and intention (B = .455, p = .036) were significant predictors of classroom/laboratory AI usage. Every one-point increase on the perceived behavioral control scale was associated with a .54-point increase in classroom/laboratory AI usage, while every one-point increase on the intention scale was associated with a .46-point increase in classroom/laboratory AI usage.

	Table 8

	Regression Analysis Summary for Using TPB to Predict Classroom/Laboratory AI Usage

	Variable
	B
	SE B
	β
	t
	p

	Attitude
	-.187
	.237
	-.102
	-.789
	.432

	Subjective Norms
	.195
	.157
	.109
	1.239
	.217

	Perceived Behavioral Control
	.536
	.215
	.319
	2.493
	.014

	Intention
	.455
	.215
	.277
	2.113
	.036



When predicting SAE AI usage in Table 9, residuals statistics indicate no assumptions of regression were violated (Field, 2018). The model was statistically significant (R2 = 0.264, p <.001). Subjective norms (B = .534, p = .001) and intention (B = .549, p = .013) significantly predicted SAE AI usage. Each one-point increase on the subjective norms scale was associated with a .53-point increase in SAE AI usage, and each one-point increase on the intention scale was associated with a .55-point increase in SAE AI usage.

	Table 9

	Regression Analysis Summary for Using TPB to Predict SAE AI Usage

	Variable
	B
	SE B
	β
	t
	p

	Attitude
	-.058
	.241
	-.032
	-.239
	.811

	Subjective Norms
	.534
	.160
	.300
	3.338
	.001

	Perceived Behavioral Control
	-.037
	.219
	.022
	-.170
	.865

	Intention
	.549
	.219
	.337
	2.508
	.013



For the model predicting FFA AI usage (see Table 10), no assumptions of regression were violated. The model was statistically significant (R2 = 0.242, p <.001). Subjective norms (B = .326, p = .048) and intention (B = .619, p = .006) were significant predictors of FFA AI usage. Every one-point increase on the subjective norms scale was associated with a .33-point increase in FFA AI usage, while every one-point increase on the intention scale was associated with a .62-point increase in FFA AI usage.

	Table 10

	Regression Analysis Summary for Using TPB to Predict FFA AI Usage

	Variable
	B
	SE B
	β
	t
	p

	Attitude
	-.098
	.246
	-.053
	-.397
	.692

	Subjective Norms
	.326
	.163
	.182
	1.994
	.048

	Perceived Behavioral Control
	.082
	.224
	.049
	.365
	.716

	Intention
	.619
	.224
	.377
	2.765
	.006



Conclusions/Recommendations/Implications
 
When analyzing AI tools used by SBAE teachers, it was found they rely on general-purpose AI tools, particularly ChatGPT, rather than tools specifically designed for educators or agricultural contexts. Some educator-specific tools, such as Magic School and Breezy TA, were identified as used by fewer than half of the participants. This mirrors broader trends in the literature, which show AI adoption typically outpaces discipline-specific designs (Kim & Kim, 2022; Martin et al., 2023). Woodruff et al. (2023) found teachers often adopt tools based on accessibility rather than pedagogical alignment. This reliance on general-purpose tools increases the need for strong pedagogical judgement to ensure AI output meets instructional principles and program ethical standards. Teacher preparation programs should explicitly train preservice teachers to critically adapt general-purpose AI tools for instructional tasks through prompt engineering. Professional development providers should curate AI workshops to include widely used tools like ChatGPT to ensure greater alignment with teacher needs. 

 	Results indicated AI usage and intentions are uneven across the three-circle model of agricultural education. AI usage and intentions were highest in classroom and laboratory instruction, while teachers showed lower usage and more cautious intentions for SAE and FFA contexts. Teachers appear more comfortable integrating AI into contexts they directly control and are more hesitant in other programmatic components that may introduce greater uncertainty and risk. This pattern is important to note, given the three-circle model is intentionally designed for integrated implementations across classroom instruction, FFA, and SAE (Croom, 2008; Roberts & Ball, 2009). Without targeted support, AI adoption may reinforce existing imbalances within the three-circle model. National and state FFA associations should provide context-specific guidance on AI usage in SAE and FFA to help educators use it appropriately (Hess, 2023). Professional development and teacher preparation should model how classroom-based AI practices can extend into experiential contexts like FFA and SAE. 
 
	Results for objective three indicated teachers hold generally favorable attitudes toward AI as a teacher-supported tool, while remaining cautious about student-facing applications. Participants expressed agreement with statements related to AI enhancement to teacher work and teaching quality but were more neutral in their perceptions regarding AI’s benefits for students and FFA and SAE. Within the theory of planned behavior, attitudes reflect evaluative beliefs about outcomes of a behavior (Ajzen, 1991). This suggests teachers differentiate between AI’s perceived efficiency and instructional value for teachers and its potential implications for student learning and accountability. Prior literature indicates educators often view AI as beneficial for instructional planning and efficiency while expressing uncertainty about its appropriate use for students (Kim & Kim, 2022; Woodruff et al., 2023). It is likely ethical concerns influence hesitancy in student-centered contexts (Hosseini et al., 2023). This may be a larger concern in components such as FFA and SAE as products are highly visible and evaluated by external sources. Another source of concern could be the unknown effects of AI usage on student educational outcomes (Nazaretsky et al., 2022). To support informed attitude formation and responsible adoption, it is recommended that professional development differentiate between teacher-facing and student-facing AI applications. Establishing clear expectations for transparency, authorship, and acceptable AI use for students may reduce uncertainty and support more confident and ethical integration. 

We also found subjective norms to play a critical role in SAE and FFA AI usage. Subjective norms significantly predicted AI usage in SAE and FFA but not in classroom instruction. This suggests teachers are more responsive to perceived social expectations when adopting AI in these components of SBAE. Within the theory of planned behavior, subjective norms reflect perceived expectations from important stakeholders and are particularly influential in contexts where professional visibility, accountability, and social approval are significant (Ajzen,1988; Ajzen, 1991). SAE and FFA activities are often public-facing components that may heighten teachers’ sensitivity to peer expectations and professional culture when determining whether AI usage is appropriate. In contrast, classroom instruction is typically more autonomous and teacher-controlled, which could reduce reliance on social cues when making instructional decisions. Prior research suggests educators often rely on their peers’ norms and professional networks to navigate appropriate usage of emerging technologies in the absence of clear institutional guidelines (Woodruff et al., 2023). The establishment of clear shared professional norms and context-specific guidance for ethical AI use in SAE and FFA is needed to support informed and consistent adoption. 

Finally, findings indicated intention and perceived behavioral control were the most influential predictors of AI use across SBAE components. Intention to use AI significantly predicted AI usage in classroom/laboratory instruction, SAE, and FFA. This reinforces its role as the proximal determinant of behavior within the theory of planned behavior (Ajzen, 1991; Fishbein & Ajzen, 2010). We also found perceived behavioral control to be a significant predictor of AI use in classroom and laboratory instruction, but not in SAE or FFA. This suggests teachers’ confidence in their ability to use AI and their access to resources and support are particularly relevant in settings with greater autonomy. With TPB, perceived behavioral control reflects individuals’ beliefs about their capacity to perform a behavior based on their existing circumstances (Ajzen, 2004). This could vary across the three components of SBAE. Classroom instruction often affords teachers more direct control over instructional decisions. On the other hand, SAE and FFA involve additional external expectations, visibility, and accountability that may influence perceived control (Schultz et al., 2007). Consistent with TPB, attitudes toward AI did not directly predict AI usage once intention and perceived behavioral control were considered (Ajzen, 1991). Collectively, these findings emphasize the importance of supporting intention formation and reducing contextual barriers to the responsible integration of AI within SBAE programs. Therefore, efforts to promote AI adoption should prioritize strengthening teachers’ intentions and perceived behavioral control. This could be achieved by providing practical implementation steps, ongoing support, and access to resources to reduce caution and lower barriers across all components of the three-circle model of agricultural education. 

Future research should examine how artificial intelligence is adopted and utilized in classroom/laboratory instruction, FFA, and SAE. Identifying specific uses would allow for the creation of ethical standards and instructional supports to be effectively developed. Given that intention and perceived behavioral control were identified as key predictors of AI usage, longitudinal studies are needed to examine how SBAE teachers’ beliefs, intentions, and behaviors change over time as AI tools, policies, and professional norms continue to develop. Experimental design studies should test the effectiveness of targeted professional development interventions designed to strengthen intention formation, clarify subjective norms, and increase perceived behavioral control related to AI usage in the classroom, FFA and SAE. Research should also explore the establishment of ethical standards and acceptable student AI usage, particularly in FFA and SAE. Finally, future studies should investigate student outcomes associated with AI-supported instruction. This could include exploring impacts on learning, engagement, and skill development, to better understand not only whether teachers adopt AI, but how its usage influences educational quality and outcomes. 
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