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Introduction

Since the early twentieth century, the Cooperative Extension System has been a primary conduit for translating university and experiment station research into actionable knowledge for producers and rural and urban communities. Delivered locally and designed for relevance and public value, Extension programming continues to provide research-based, unbiased education across diverse contexts, equipping constituents to put research evidence into practice (Franz, 2013; Kalambokidis, 2004; National Institute of Food and Agriculture, n.d .). Extension educators are key in the success of the system due to their proximity and awareness of local communities and the people they serve (National Institute of Food and Agriculture, n.d.). 

Today’s producers navigate complex, data-rich decisions, which heighten the need for practical application of applied Extension-oriented research. Further, Extension educators must align delivery methods with adult learning while maintaining credibility and efficiency (Colussi et al., 2024; Kamruzzaman et al., 2020; Quinn, 2024). The lecture delivery method remains common in Extension, historically used alongside demonstrations, field days, and mass media, and now complemented by digital tools to extend impact and engagement (Gould et al., 2014; Rasmussen, 1989). Many Extension professionals possess deep technical expertise but have limited formal preparation in andragogy and facilitation, emphasizing calls to move beyond the “content-premise” and to select methods that fit adult learners’ needs (Creswell & Martin, 1993; Franz et al., 2010; Johnson et al., 2008; Ota et al., 2006; Strong et al., 2010; Wise & Ezell, 2003).

Andragogical principles indicate adults are self-directed, bring rich experience, and prefer problem-centered, immediately applicable learning. When these conditions are met, lectures can be appropriate, when logistics constrain hands-on work (Jarvis, 2004; Kistler & Briers, 2003; Knowles et al., 2015; Merriam et al., 2007;). Complementary multimedia research shows that coordinating words and visuals, reducing extraneous load, and prompting generative processing improves attention and comprehension, with enjoyment and interest functioning as drivers of engagement (Mayer, 2014). Extension practice reflects these insights by integrating concise instruction with applied activities, real-time audience feedback, and structured small-group discussion, which supports engagement and the transfer of knowledge (Davis, 2006; Dollisso & Martin, 1999; Franz et al., 2010; Gunn & Loy, 2015; Larkin et al., 2018; Lev, 2003;  Trede & Whitaker, 2000).

Against this backdrop, the purpose of this study was to examine whether a traditional research lecture delivered in a producer setting effectively engaged farmers. By analyzing enjoyment as an affective indicator within an andragogical and multimedia learning perspective, the study seeks to specify when lecture contributes meaningfully to producer education and how its design can be refined and integrated with interactive elements to support understanding (Franz et al., 2010; Knowles et al., 2015; Mayer, 2014; Ota et al., 2006; Strong et al., 2010; Wise & Ezell, 2003).
Theoretical Framework
This study was guided by the Cognitive–Affective Theory of Learning with Media (CATLM), which extends the Cognitive Theory of Multimedia Learning (CTML)(Mayer, 2014; Moreno & Mayer, 2007). CTML explains people learn more effectively when words and visuals work together and the presentation design reduces extra mental load while encouraging active processing (Mayer, 2014; Moreno & Mayer, 2007).  CATLM adds that emotions (e.g., enjoyment, interest) and motivation shape how much mental effort people invest into a learning experience and how deeply they select, organize, and integrate new information presented (Mayer, 2014). In an Extension lecture, spoken explanation paired with text and visuals, CATLM predicts stronger outcomes when visuals match the narration and the design limits extraneous overload (Mayer, 2014). In short, clear and aligned slides help people stay engaged. 

These propositions align with adult learning theory. Andragogy emphasizes that adults are self-directed, bring extensive prior experience, and prefer problem-centered learning with immediate applicability (Merriam et al., 2007). Motivation is heightened when instruction is perceived as relevant to real decisions (Jarvis, 2004; Kistler & Briers, 2003; Knowles et al., 2015; Merriam et al., 2007). Within Extension settings, educators are encouraged to move beyond the “content-premise” by tailoring delivery to adult learners’ needs, foregrounding relevance, building on experience, and using methods that actively engage learners (Creswell & Martin, 1993; Franz et al., 2010; Ota et al., 2006; Strong et al, 2010; Wise & Ezell, 2003). CATLM offers a framework to understand why those design choices matter: when adult producers perceive the lecture as useful and credible, enjoyment and interest increase, learners invest more cognitive effort, and comprehension and retention improve.

Guided by CATLM, we conceptualize enjoyment as a proximal affective indicator of engagement that supports generative processing during the lecture. The lecture’s potential efficacy depends on both cognitive design features (e.g., coordinated visuals and narration, signaling to highlight causal relations, pacing that avoids overload) and affective conditions that foster attention and motivation (Mayer, 2014; Moreno & Mayer, 2007). Because adult learning emphasizes relevance and credibility, we also examine audience characteristics that may affect enjoyment and, by extension, the cognitive processing CATLM deems necessary for learning in multimedia lectures (Franz et al., 2010; Knowles et al., 2015; Ota et al., 2006). This framework positions the traditional research lecture not as a default solution but as a designable intervention with effectiveness hinged on aligning multimedia principles with adult-learning needs and cultivating affective engagement in producer audiences.

Methods

Anchored in CATLM’s framework, the purpose of this study was to identify factors that predict attendees’ enjoyment of lecture-format communication among members of the Missouri Red Angus Association (MORAA). A 20-minute educational lecture, delivered during the annual MORAA members’ meeting, used PowerPoint slides to accompany spoken explanation and addressed the implications of leadership practices for facilitating positive change in rural communities. Though structured as a traditional lecture, the presenter included brief questions and thought experiments to encourage engagement. Immediately following the session, all attendees present (N = 59) were invited to complete a brief paper survey; 33 attendees responded (56% response). The survey captured post-lecture enjoyment (primary outcome) and potential predictors including demographics, production-practice characteristics, and audience attributes.

Logistic regression was estimated to model post-lecture enjoyment (dependent variable) from the candidate predictors listed in Table 1. Because the analytic sample for the outcome was small (n = 33), we used forward stepwise subset selection with a maximum of three predictors and evaluated models using leave-one-out cross-validation (LOOCV). LOOCV repeatedly refits the model on n-1 observations and predicts the single held-out case, providing a guard against overfitting in small datasets (James et al., 2013). Competing subsets of predictors were compared based on LOOCV misclassification error, and the final model retained was the one that minimized cross-validated error. For transparency, we also report a confusion matrix for the final model’s LOOCV predictions as a descriptive check of classification performance (Singh et al., 2021).

Table 1
Candidate Variables for Logistic Regression Model
	Variable
	Measurement/Type

	Trust in the MORAA
	Dummy (Yes = 1, No = 0)

	Age
	Continuous (years)

	Four-year degree completion
	Dummy (Yes = 1, No = 0)

	Gender
	Dummy (Male = 1, Female = 0)

	Years farming
	Continuous (years)

	Number of cattle in operation
	Continuous (count)

	Acres in production owned
	Continuous (acres)

	Planning on growing operation
	Dummy (Yes = 1, No = 0)

	Self-identification as leader or manager
	Dummy (Leader = 1, Manager = 0)

	Primarily registered cattle operation
	Dummy (Yes = 1, No = 0)

	Use of artificial insemination (AI)
	Dummy (Yes = 1, No = 0)

	Spend 40+ hours per week working on the farm
	Dummy (Yes = 1, No = 0)

	Generations family has been raising cattle
	Continuous (generations)

	Plan to expand operation
	Dummy (Yes = 1, No = 0)

	Married
	Dummy (Yes = 1, No = 0)

	Consider self a proud member of the MORAA
	Dummy (Yes = 1, No = 0)

	Use of embryo transplant
	Dummy (Yes = 1, No = 0)

	Practice rotational grazing
	Dummy (Yes = 1, No = 0)

	Animals enrolled in Red Angus Feeder Calf Certification Program (FCCP)
	Dummy (Yes = 1, No = 0)



Limitations

Several limitations constrain inferences from this study. First, this was a single-session, post-lecture survey administered to MORAA annual meeting attendees. Of the 59 attendees present, 33 completed the survey (56% response). Because no probability sampling was conducted and participation was voluntary, the respondent group may differ from non-respondents and from MORAA members (or producers) more broadly. The meeting context may also have produced anticipatory effects: attendees likely expected a lecture-format session, and those expectations may have influenced both participation and reported enjoyment. Further, the cross-sectional, single-session design constrains causal interpretation because outcomes were measured only once, immediately post-lecture, without pre–post comparison or random assignment (Etikan et al., 2016; Shadish et al., 2002).

Second, statistical power was limited relative to the number of candidate predictors considered. With 33 participants and an unknown but necessarily finite number of “events” (participants classified as enjoying the lecture), the events-per-variable ratio likely fell below conventional thresholds for stable logistic estimation (Peduzzi, et al., 1996; van Smeden et al., 2018; Vittinghoff & McCulloch, 2007). As a result, small-to-moderate associations may have gone undetected (increased Type II error), and estimated effects may be imprecise (Cohen, 1988). The decision to dichotomize the enjoyment item for logistic modeling, while practical for classification, also reduces information relative to an ordinal or continuous treatment of the measure, potentially reducing associations.

Third, the modeling strategy was optimized for prediction rather than confirmatory hypothesis testing. Forward stepwise selection with LOOCV privileges out-of-sample predictive performance in this dataset but can yield model selection instability in small datasets and inflates the risk of capitalizing on chance associations (James et al., 2013). LOOCV helps temper overfitting but, at this scale, produces high-variance estimates of prediction (James et al., 2013). Therefore, p-values and confidence intervals should be interpreted as exploratory, and the selected predictors should be viewed as provisional signals rather than definitive determinants.

Finally, measurement and context may have influenced responses. Enjoyment was captured with a single item administered immediately after the session in a group setting, which can introduce measurement error and social desirability bias. The content focus (leadership implications) and the specific presenter and organizational context may also limit generalizability to other Extension topics, delivery styles, or audiences. Replication with larger, multi-site samples; pre-specified analytic plans; direct measurement of expectations for delivery format; richer multi-item scales for affect; and alternative estimators that prioritize stability under small N (e.g., penalized logistic regression with bootstrap validation) would strengthen the robustness and generalizability of the findings.

Results

Respondents were asked whether they enjoy Extension/educational lectures using a single Likert-type item (“I enjoy Extension/educational lectures,” 1 = strongly disagree to 5 = strongly agree). Responses indicated moderately high enjoyment (M = 3.81, SD = 0.77) Full results are presented in Table 2.

Table 2
Frequency of Enjoyment of extension/Educational Lectures
	n
	1
	2
	3
	4
	5
	M
	SD

	33
	0
	2
	8
	18
	5
	3.81
	0.77

	Note. Five-point Likert-scale, 1=strongly disagree, 5 = strongly agree
	



To evaluate predictors of enjoyment of lecture-format communication, a forward logistic regression model with leave-one-out cross-validation (LOOCV) was estimated. Responses were dicotimized where responses ≥ 4 were recorded as yes, and <4 were no. Therefore,  the null model, which always predicted the majority class, yielded a cross-validated misclassification rate of 0.294 (29.4%). In contrast, the final forward-selected model substantially reduced error, achieving a LOOCV misclassification rate of 0.118 (11.8%).

The forward stepwise logistic regression identified three predictors of enjoyment of lecture-based communication: trust in the delivery organization, use of embryo transfer, and four-year degree completion. The overall model was statistically significant, χ²(3) = 21.20, p < .001.

As shown in Table 3, participants who reported trust in the organization were more likely to enjoy the lecture formatted presentation. Similarly, completion of a four-year degree was positively associated with enjoyment as well. In contrast, reported use of embryo transfer was negatively associated with enjoyment though not significant and producing an odds ratio that effectively approached zero. This reflects sparse data and quasi-separation, rendering the estimate unstable and interpretation cautious.

Table 3
Logistic Regression Predicting Enjoyment of Lecture-Based Communication
	Variable
	Estimate (β)
	SE
	Odds Ratio
	95% CI for Odds Ratio
	p

	
	
	
	
	LL
	UL
	

	Intercept
	19.83
	4028.8
	-
	-
	-
	0.996

	Trust in MORAA
	3.30
	1.56
	27.1
	1.2
	613.5
	0.036*

	4 Year Degree +

	3.35
	1.33
	27.1
	1.9
	384.9
	0.014*

	Embryo
	-23.42
	4028.6
	- 
	-
	-
	0.985



The confusion matrix, shown in Table 4, indicated strong performance across both outcome categories. Of the 33 analyzable cases, the model correctly classified 21 of 23 participants who reported enjoying the lecture and 9 of 10 who reported not enjoying it. This corresponds to an overall classification accuracy of 90.9%, with sensitivity (recall for enjoyment) of 91% and specificity (recall for non-enjoyment) of 90%. These results suggest that the inclusion of demographic and production-related predictors improved classification accuracy well beyond chance levels. However, the small number of respondents warrants caution in interpreting effect magnitudes, as parameter estimates may be unstable and generalizability limited.

Table 4
Confusion Matrix of Predictions of Enjoyment
	 Actual/Predicted
	Don’t Enjoy
	Enjoy
	Accuracy

	Don’t Enjoy
	9
	1
	90.00%

	Enjoy
	2
	21
	91.30%



Although the model included statistically significant variables and achieved high cross-validated classification accuracy, the results should be interpreted as preliminary signals given the small, single-session respondent group, the use of a single-item outcome measure, limited events-per-variable, and the high variance of LOOCV estimates at this scale.

Conclusion

This study examined whether a traditional research lecture delivered in a producer association setting elicited audience engagement and explored which factors predicted post-lecture enjoyment (used here as an affective indicator of engagement within CATLM). Among respondents, attitudes toward Extension/educational lectures were generally positive (Table 2), and the cross-validated logistic model suggested that trust in the delivering organization and completion of a four-year degree were associated with higher likelihood of enjoying the lecture-formatted presentation.

These findings should be interpreted with caution. Results reflect a single session and a voluntary respondent group, and the modeling strategy prioritized prediction under LOOCV rather than inference. Moreover, the meeting context may have shaped who attended and how they responded (e.g., expecting a lecture-format session). Therefore, model estimates are best viewed as preliminary signals about conditions under which lecture-based delivery may be well received.

Regarding practice, the results underscore the role of credibility and understanding of the audience when using lecture-based communication. When lecturing to audiences that vary in formal education and production experience, educators may strengthen affective engagement by building trust cues (e.g., co-presenting with respected local producers, clearly referencing evidence sources) and by aligning visuals closely with narration to reduce extraneous load and support generative processing (Mayer, 2014; Moreno & Mayer, 2007). Future research should replicate this study across multiple sites, measure participants’ expectations about lecture delivery, and assess outcomes beyond enjoyment. Comparing traditional lectures with hybrid formats that include brief demonstrations or opportunities for interaction would further add to this line of inquiry (Davis, 2006; Dollisso & Martin, 1999; Gunn & Loy, 2015; Larkin et al., 2018; Lev, 2003; Trede & Whitaker, 2000).
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