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Abstract
Generative Artificial Intelligence (AI), particularly Large Language
Models (LLMs), have demonstrated significant potential in clini-
cal reasoning skills such as history-taking and differential diagno-
sis generation—critical aspects of medical education. This work
explores how LLMs can augment medical curricula through in-
teractive learning. We conducted a participatory design process
with medical students, residents and medical education experts
to co-create an AI-powered tutor prototype for clinical reasoning.
As part of the co-design process, we conducted a qualitative user
study, investigating learning needs and practices via interviews,
and conducting concept evaluations through interactions with the
prototype. Findings highlight the challenges learners face in tran-
sitioning from theoretical knowledge to practical application, and
how an AI tutor can provide personalized practice and feedback. We
conclude with design considerations, emphasizing the importance
of context-specific knowledge and emulating positive preceptor
traits, to guide the development of effective AI-powered tools for
medical education.

CCS Concepts
• Human-centered computing → Empirical studies in HCI;
Empirical studies in collaborative and social computing; • Comput-
ing methodologies → Natural language generation.
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1 Introduction
The long and arduous path of medical education is traditionally
broken into several stages. In the US and Canada, medical educa-
tion is comprised of two distinct phases: the preclinical and clinical
years. The first two years of medical school are preclinical, during
which students master the foundational knowledge base essential
for medical practice. Instruction typically occurs in the classroom
with didactic lectures and laboratories covering clinical sciences
such as anatomy, physiology, pathology, and pharmacology [18].
In contrast, the last two clinical years emphasize the application of
knowledge in real-world healthcare settings. Students gain practical
experience across various medical specialties through rotations in
hospitals and clinics. Immersed in this environment, they assume
responsibility for patient care under the supervision of resident and
attending physicians, learning to apply their foundational knowl-
edge to actual clinical situations and mastering clinical reasoning
[11]. In their final year, medical students apply to residency training
programs in the specialties of their preference. Upon acceptance
to a program and following their successful graduation from medi-
cal school, students become interns (first-year residents) and then
resident physicians, spending anywhere from three to seven years
or more engaged in hands-on specialty training before becoming
eligible to practice as independent physicians.

With the advent of Generative AI technologies such as Large
Language Models (LLMs), recent work has explored their potential
in the medical domain and has demonstrated promising capabilities
in clinical reasoning ranging from medical question answering [15],
to interactive history taking [19] and accurate differential diagnosis
development [10]. Existing work has discussed diverse ways this
transformative technology could be implemented in medical educa-
tion, from augmentation of clinical simulations and personalized
tutoring, to facilitation in literature reviews, curriculum develop-
ment, and assessment of students [1]. LLMs have been fine-tuned
specifically on medical information (e.g. question-answering data
sets and medical dialogues) [10, 15].

While ample opportunities have been identified, there is a lack
of human-centered and participatory design research involving the
very users of such future technologies to inform how Generative AI
can best help address their needs and support their goals. Our study
focuses on addressing the major transition between the preclini-
cal and clinical phases of medical education that requires medical
learners to quickly pivot and adapt from book to bedside [9]. To do
so, we make the following contributions:
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• We conducted a design ideation workshop with an interdis-
ciplinary panel of medical education experts and medical
students, to identify opportunities for supporting themedical
education process with GenAI, and implemented an interac-
tive prototype reflecting key ideas from the workshop.

• We conducted a user study with a separate set of medical
students and residents who had not participated in the work-
shop. We report insights from this study, including learning
needs and practices as well as initial impressions and experi-
ences interacting with our clinical reasoning AI tutor.

• We discuss design considerations for the future development
of Generative AI-powered systems for medical education,
emphasizing the importance of context-specific knowledge
and emulating positive preceptor traits, to guide the devel-
opment of effective AI-powered tools for medical education.

2 Related Work
Medical EducationTechnology. Technology has already found

its way into various facets of medical education. Students report
utilizing a varied collection of third-party online study materials
such as question banks (e.g., UWorld), videos (e.g., YouTube, Boards
and Beyond, digital flash cards (e.g., Anki), and other website-based
informational resources (e.g., AMBOSS) [6]. Medical institutions,
too, have adapted to the technology era. Examples include virtual
lectures and e-learning modules, especially in a post-pandemic
world [5], and educational games [4].

Current human-computer interaction (HCI) literature has ex-
plored the use of technology in medical training as well. For exam-
ple, one paper leveraged augmented reality to make a simulation-
based learning experience about the topic of stroke in an undergrad-
uate nursing course more immersive [21]. Another study applied
virtual reality to introductory obstetrics training for a cohort of
fourth year Singaporean medical students to supplement traditional
in-person training and ensure all students were exposed to the nec-
essary breadth of education experiences [8].

AI inMedical Education. Various LLMs have demonstrated re-
markable capabilities answering medical questions similar to those
found on the USMLE Step 1 [15]. Though this has spurred a new
wave of excitement and interest in the field, practical applications
which integrate Generative AI into the medical learning process
are still in their infancy, with medical educators calling for further
research into this field [3].

Preliminary studies have explored out-of-the-box LLMs in vari-
ous medical educational aspects. For example, in a case study with
OpenAI’s ChatGPT, the LLMwas incorporated into the daily rounds
of a general internal medicine inpatient service for seven days [16].
The researchers evaluated the usage of ChatGPT as a substitute for
other web-based resources (e.g., UpToDate) and found it generated
helpful discussion, although its output was found to not be suffi-
ciently thorough on several occasions. Another study [20] showed
a statistically significant increase in quiz scores of students before
and after engaging in a Socratic-style discussion [12] with GPT-
3.5 about information acquired from a medical school textbook,
compared to students who only read from the textbook.

In prior work by Li et al. [7], researchers evaluated the per-
formance of several LLM chatbots in the context of Standardized

Patients (SPs). SPs are trained actors who are used to portray patient
personas in a given clinical scenario and provide medical learners
an interactive and standardized environment in which to practice
clinical skills. In this study, the LLMs assumed the roles of SPs, and
experts proficient in SP education played the role of learners. The
LLMs were then used to assess the completed simulated encounters
using traditional SP evaluation checklists. Although there were
slight differences amongst the various LLMs chatbots, the authors
were optimistic of the potential of LLMs as virtual SPs to make
medical education more efficient.
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Figure 1: Idea matrix from design ideation workshop.

3 Methods
3.1 Design Ideation Workshop
The design ideation workshop involved an interdisciplinary panel
of medical education experts, medical students, practicing clini-
cians, as well as user experience (UX) designers and HCI and AI
researchers (including some co-authors of this work). The in-person
workshop focused specifically on the role LLMs may play in the
context of learning and teaching clinical reasoning skills. During
the workshop, the interdisciplinary team worked step-wise to ar-
ticulate the teaching and learning processes involved in clinical
reasoning, define the needs and goals of educators and learners, and
explore the potential of LLMs in clinical reasoning pedagogy. Fig-
ure 1 shows a simplified brainstorming artifact from the workshop
during which the team first gathered ideas for the use of LLMs in
clinical reasoning education, then clustered ideas into groups and
categorized the resulting clusters into a matrix of educational value
(low vs. high) and reliance on LLMs. This categorization enabled
the team to focus on clusters of ideas at the intersection of high
educational value and high reliance on LLM-specific capabilities.

3.2 Interactive Prototype
Taking into consideration the categorization in Figure 1 in addition
to other artifacts and feedback from the design ideation workshop,
the UX designers on the team facilitated the creation of initial design
mocks incorporating the ideas focused on the intersection of high
educational value and high reliance on LLM-specific capabilities.
Utilizing the resulting design, an interactive, lightweight web-based
prototype was implemented. Figure 2 shows the main elements of
the resulting user interface. The resulting prototype provided a
default clinical case vignette developed by the authors, with the
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Figure 2: Clinical reasoning AI tutor interactive prototype.

option to change the case by pasting or typing in an alternative
vignette text. The case vignette served as the grounding topic of the
text chat conversation between a potential user and an LLM-based
tutoring agent, and as such stayed visible on the left-hand side of the
screen throughout the conversation. Example scaffolding questions
to help initiate discussion were displayed in the right-hand column.

The prototype was powered by Med-PaLM 2 [15], i.e., a model
fine-tuned on a corpus ofmedical datasets. The instructional prompt
given to the model—a set of instructions passed to the model before
any user input in the prompt—was developed together by members
of the interdisciplinary team, including researchers and a board-
certified physician with academic expertise in medical education.
As part of the prompt, the LLM was instructed to play the role of a
helpful medical school tutor with the goal of creating a rich learning
environment to encourage active learning, reflection, and knowl-
edge integration tailored to the student. The LLM was instructed
to guide the student to complete each of the following sequential
phases of clinical reasoning [13, 17]: (1) Interpretive summary; (2)
Differential diagnosis; (3) Explanation of lead diagnosis; (4) Explana-
tion of alternative diagnoses; (5) Reflection on potential diagnostic
errors and bias; and (6) Evaluation and management plan.

3.3 User Study
We conducted a qualitative user study with eight medical learners
to elicit their learning needs and challenges, attitudes about AI
assistance in the learning process, and to collect initial impressions
and experiences interacting with our clinical reasoning AI tutor.

Participants. Participants in the study were US adults recruited
through a third-party organization and were provided with mone-
tary incentives to participate in the study. Recruited participants
were medical learners, ages 24-35, at different stages in their ed-
ucational training. Out of a total of N=8 participants recruited, 4
were medical students in their third or fourth year of an accredited
doctor of medicine (MD) or doctor of osteopathic medicine (DO)
program. The other 4 participants were physicians (residents) un-
dergoing specialty training in residency programs. The participants
self-reported their familiarity with LLMs before the interview. Five
participants reported having tried at least one AI tool. The remain-
ing 3 participants reported having a basic understanding of AI tools
but no hands-on experience.

Expert Interviews and Concept Evaluations. During expert
interviews, participants first discussed their own medical learning
experiences (20 minutes) and then evaluated the prototype in an
interactive session with the interface (40 minutes). All interviews
were fully remote and conducted through video conferencing soft-
ware. Participants had access to the prototype through a web link
and shared their screen while interacting with the prototype.

Participants who were unfamiliar with LLMs were provided a
brief explanation of this technology to allow them to answer the
latter questions. Following the interviews, participants transitioned
to the interactive concept evaluation with the prototype. Partici-
pants were first asked questions about how they would expect to
interact with the prototype; then, they were able to interact freely
with the prototype and were invited to verbalize any opinions and
running thoughts (also known as a think-aloud protocol).

DataAnalysis. Weapplied thematic analysis [2] to qualitatively
analyze participants’ open-ended responses to interview questions
and their think-aloud feedback from concept evaluation sessions.

4 Results
Expert Interviews. During the expert interviews, participants

described clinical reasoning as a combination of theoretical, didactic
knowledge and practical, hands-on application. They characterized
"good" clinical reasoning as being comprised of a holistic under-
standing of the patient and their presentation leading to a step-wise,
evidence-based approach to diagnosis. P6 painted clinical reason-
ing as an "art" that is developed and perfected over time. A major
challenge in developing strong clinical reasoning skills was noted
to be in acquiring the ability to quickly synthesize all of the relevant
information necessary (foundational knowledge, labs, history, etc.)
to establish a reasonable working hypothesis for a differential diag-
nosis while flexibly updating this hypothesis as new information
becomes available. P4 emphasized "a gap between the resources we
use [in the first two years] and your time in the hospital–third and
fourth year, then residency."

When surveyed about how LLMs could enhance their process of
acquiring clinical reasoning skills, participants noted many unique
ways they could use the technology at various points in their learn-
ing journey. A few of these included using the technology to work
through a differential diagnosis or sample questions, providing ex-
tra practice for clinical situations through a virtual setting, and
summarizing notes and other patient information succinctly. In
one anecdote, P3 described a peer tutor program at their medical
school that paired more senior medical students with their juniors.
However, peer tutors could often be occupied with rotations or
residency interviews, so they felt an "AI companion" could step in
to fill that role while the peer was unavailable. They also proposed
that such an AI companion could offer supplementary materials
or recommendations based off information they, the student, had
misunderstood during the interactive learning session.

Interactive Concept Evaluations. Interactive concept evalu-
ations suggested that the prototype could serve as a helpful tool
in early medical education, with students emphasizing the tool’s
clean interface and built-in prompts. This was especially true for
clinical reasoning, which often requires input and interaction with
clinicians who are experienced in their practice. P1 stated, "I think
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this [prototype] will be really good for early learners when they don’t
know what type of questions to ask." Participants liked that the proto-
type was interactive and that they could probe the model about the
clinical case and ask it questions. P2 said of the demo, "it could help
fine-tune your critical reasoning skills and expand your knowledge
base" and potentially "correct any misunderstanding or even present
an alternative diagnosis that may not have come to mind."

During the chat interaction, several participants attempted to
request from the model additional information about the patient
presentation that was not provided in the clinical vignette. Partic-
ipants intuitively assumed or expected that the model would be
able to make additional hidden information about the case available.
While this was not the case in our prototype, this kind of interaction
seemed natural to several participants. This was reflected in com-
ments suggesting the AI tutor could guide a student through a case
(P4), play a mentor role and suggest alternative diagnoses a student
might not have considered (P5), and break downmanagement steps
(P8).

5 Discussion
Addressing Learners’ Needs andPractices. Our study revealed

key challenges medical learners face in developing clinical reason-
ing skills, particularly the difficulty in synthesizing vast amounts of
information and the gap between theoretical learning and practical
application (as highlighted by P4’s comment). The development
of clinical reasoning skills is a lifelong process that starts with
mastering the basic and clinical sciences in the preclinical years.
During the clinical years, learners synthesize and apply their text-
book knowledge to begin recognizing classic disease patterns and
developing mental frameworks, such as diagnostic algorithms and
illness scripts, to organize and assess likelihoods of potential diag-
noses based on clinical findings. Participants envisioned Generative
AI as a valuable tool to iteratively develop and refine these mental
frameworks, dealing with uncertainty and atypical presentations
and suggesting use cases such as working through differential di-
agnoses, providing virtual practice scenarios, and summarizing
patient information. This aligns with the expressed need for sup-
port during the transition from preclinical to clinical training.

Design Considerations for AI-Powered Tutors. The interdis-
ciplinary nature of our design ideation workshop proved invaluable
in generating diverse perspectives and grounding the design in
real-world needs. Specifically, the workshop helped us identify
key features for an effective AI tutor, such as the need for struc-
tured interactive guidance through each of the six phases of clinical
reasoning and the importance of adapting to each user’s unique
learning styles and needs (e.g., finding the balance between pro-
viding guidance and fostering independent thinking). There was
also an expectation that the model should provide context-specific
recommendations, highlighting the need for AI tutor localization
and adapting its knowledge and recommendations to the specific
context of the learner’s institution and geographic location. Fur-
ther, participants’ intuitive expectation that the model would reveal
hidden information points towards a design that supports progres-
sive disclosure of case details, mimicking the iterative nature of
real-world clinical reasoning. The desire for the AI tutor to act as a
mentor reinforces the importance of incorporating preceptor-like

behaviors, such as managing cognitive load, providing constructive
feedback, and encouraging questions and reflection.

Broader Potential and Considerations. While our focus was
on clinical reasoning, participants also identified broader applica-
tions for LLMs in medical education such as peer tutoring support
and educational resource recommendations. This aligns with the
growing interest in using Generative AI for creating learning mate-
rials and assessments, personalizing learning pathways, simulating
patient interactions, and supporting medical writing, as highlighted
in the literature [14]. However, as the field moves forward, careful
attention must be paid to ensuring accuracy, mitigating bias, and
maintaining the crucial role of human interaction in medical edu-
cation. Responsible development and use of Generative AI has the
potential to augment educator roles and learner journeys.
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