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Abstract: The current era presents an exciting opportunity for higher education. Numerous promising use 
cases have emerged over the past two years that can specifically enhance instructional methods and lesson 
plan delivery by using artificial intelligence (AI). This development coincides with alarming declines in 
student retention, achievement of learning outcomes, and graduation rates, particularly in the post-COVID 
context. While AI continues to change rapidly, the conventional pedagogy and instructional methods continue 
to lag, specifically with respect to AI adoption for student engagement. We propose that through the quick 
adoption and integration of AI tools and the emphasis on personalization suggested by the visual, auditory, 
reading/writing, and kinesthetic (VARK) learning model, educators can immediately improve student learning 
outcomes. We demonstrate this by showing a few quick use cases for this technology as well as how it can 
leverage the VARK model to yield immediate results.
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Introduction
The reality of education, especially in today’s times, is that students undoubtedly learn in different ways. 
The VARK (Visual, Auditory, Reading/Writing, and Kinesthetic) learning styles model posits that students 
have distinct preferences for acquiring and retaining knowledge. This simply means that some students 
learn by seeing, some by listening, some by reading or writing, and others by doing [1]. Traditional lecture-
based teaching methods often fall short for many students due to factors such as cognitive overload [2], 
multitasking challenges associated with simultaneous listening and note-taking [3-5], the sheer volume of 
information presented [6], and classroom distractions [7]. Incorporating deep processing activities has been 
shown to enhance understanding and retention compared to shallow processing [8, 9]. Research suggests 
that integrating activity-based learning practices like retrieval practice, spaced repetition, and case-based 
learning into the curriculum can mitigate knowledge decay and improve retention [10]. Furthermore, evidence 
indicates that students experience higher failure rates in conventional lecture-based environments compared 
to those employing active learning methods, particularly in STEM disciplines [11]. To prevent students from 
becoming passive recipients of information, lectures must be more engaging, considering environmental 
factors, learning styles, and personal preferences. Striving for deep cognitive engagement is essential to avoid 
such outcomes [12]. By differentiating instruction through blended learning settings and aligning teaching 
methods with VARK preferences, educators can enhance knowledge retention and foster inclusivity [13]. This 
briefing underscores the relevance of the VARK model and highlights powerful, evolving generative AI tools 
available today to facilitate personalized learning.
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Methods
Research shows that 13% of students delayed graduation and 40% lost a job, internship, or even a new job 
opportunity during the COVID-19 pandemic [14]. While the pandemic is one of many factors affecting student 
success, there is an urgent need to adapt to instructional strategies. Employing the VARK model as a framework 
for instructional design can significantly benefit diverse student populations across disciplines. Education 
pedagogy researchers have tested the VARK model and determined that students’ learning preferences lean 
towards auditory and kinesthetic means, followed by reading/writing and visual aids [15]. This means that 
greater interactivity is generally desired by students, presenting obvious challenges for instructors as it requires 
greater work effort to develop and execute such lesson plans. Thankfully, generative AI can now fully serve as 
a work aid to instructors desiring to create highly interactive and scalable lesson plans for students.
We highlight three AI tools as examples: ChatGPT, Claude, and Boodlebox. Each tool has a strong potential to 
improve learning personalization across all instructional modalities—including traditional classrooms, online 
synchronous/asynchronous formats, and hybrid environments. More specifically, we would use each of these 
tools to illustrate the method by which they can achieve improvement related to student experiences and 
learning outcomes:

1.	 Topic-specific, interactive learning (e.g., ChatGPT) - This approach uses ChatGPT to create 
highly interactive, topic-focused learning environments that boost student engagement and 
understanding, easily incorporating all VARK learning modes.

2.	 Role-play & simulation (e.g., CustomGPT’s, Claude) - In this method, tools like Claude are used 
to build CustomGPTs that support innovative role-playing scenarios (which can also be turned 
into audible conversations) and visual simulations. These experiences allow students to engage 
with and experiment with course concepts in dynamic, interactive ways. 

3.	 TeachingBOT personalized tutor (e.g., Boodlebox) - Using Boodlebox, instructors can develop 
a teaching chatbot by uploading subject-specific content, which is then integrated with large 
language models (LLMs). The result is a personalized digital tutor that supports student learning 
outside the classroom by answering questions and reinforcing material—without simply 
providing the answers. The student experience will be high-touch, personalized, and directed 
towards their own learning needs within a given lesson plan.

 Results
In this section, resulting visualizations depicting a few basic AI tools & techniques will be shown. While these 
tools and associated techniques continue to advance at a rapid pace, below are four implementation use cases 
that can be adopted by educators to teach specific topics to facilitate VARK learning styles. 

Fig. 1. Results of an AI prompt using ChatGPT to create a VARK learning model for students to use  
based on their preferences. Based on the students’ selection, the lesson plan will be presented with  

the desired modality to foster improved learning and retention.

Learn About Martin Luther King Jr. 
Select a learning style that suits you best: 

	 Visual (Images & Videos)	 Auditory (Listen & Speak)	 Reading/Writing (Text & Articles)	 Kinesthetic (interactive Activities)

	 Kinesthetic Learning
	 Engage in an interactive quiz to text your knowledge about MLK Jr.: 

	  Start Quiz
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Fig. 2. Results of developing a subject-based custom GPT to introduce role-playing simulations  
for students to experiment and deepen their learning of specific topics. The GPT will create a 1–2-page 

role-play simulation featuring a conversation between two U.S. presidents to help students imagine  
the dialogue between the two individuals and their policies on the selected topic.

Fig. 3. Results of an AI prompt using Claude.ai to introduce interactive simulations to improve  
student learning of topics that are technical and visual in nature. Visually oriented students  

can see and experience the simulated data to better understand the concept than simply reading  
a static textbook description.

Fig. 4. A sample student interaction model using AI to build a TeachingBOT using tools such as  
Boodlebox. This can provide students with customized tutoring based on powerful, commercially  

available LLMs while maintaining focused interactions relevant to the specific topic or subject being learned.

Start Conversation
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Conclusion
This briefing illustrates that VARK learning styles can be effectively supported through the strategic use of 
modern generative AI tools and techniques. We remain optimistic that dramatic improvements in student 
outcomes are attainable, provided educators intentionally align their curriculum with VARK learning 
principles. The examples above demonstrate how freely available AI tools can be leveraged today to support 
instructional personalization across subject areas, delivery formats, and assessment strategies. In a 2024 paper, 
over a one-month period using an AI chatbot in a classroom to reinforce course concepts, 91% of queries were 
answered with student satisfaction. The study also found that those who used the tools provided scored better 
on exams [16]. 
By incorporating the VARK learning model as a foundation for differentiated instruction and combining it 
with AI-powered platforms for dynamic content generation, educators can deliver engaging, accessible, and 
effective instruction for all learners. While each tool has unique strengths and application areas, the common 
thread is their ability to deliver personalized, adaptive learning experiences using large language models 
(LLMs) and instructional simulations. In conclusion, we aim to shape the future of higher education by bridging 
the gap between traditional pedagogical models and emerging AI technologies. The impetus for presenting 
this rapid communication now is to instill some urgency for embracing easily accessible AI technology that 
can make a meaningful difference in student experiences and learning outcomes. 
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