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Abstract

Large Language Models (LLMs) are expected to enhance medical
education through personalized clinical skills training. However,
their practical application from the student user experience perspec-
tive remains underexplored. This gap is critical because without
understanding students’ needs, LLM-based tools risk poor adoption
and suboptimal learning outcomes. This study explores medical
students’ challenges and expectations when using LLM-based clini-
cal skills training through a two-phase investigation involving 14
medical students. We integrated five Type 2 Diabetes cases into
a probe platform and conducted probe-based studies followed by
co-design workshops. We identified challenges across three cate-
gories: dialogue content (lack of realism, insufficient knowledge
depth differentiation); dialogue presentation (information overload,
single modality limitations); and dialogue interaction (inadequate
guidance and feedback). Co-design workshops revealed expecta-
tions for enhanced patient modeling, personalized content delivery,
structured presentation frameworks, and collaborative features.
These findings provide design considerations for developing more
effective, user-centered LLM-based medical education systems.
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1 Introduction

Clinical skills training is essential in medical education, shaping
students’ ability to integrate theoretical knowledge with practi-
cal application and ultimately improving the quality of healthcare
services [4, 11, 29]. Traditionally, clinical training relies on two pri-
mary methods: standardized patients (SPs) and clinical internships
[13, 59]. While these approaches provide valuable hands-on experi-
ence, they also present notable limitations. SP-based simulations
often fail to capture the complexity and variability of real-world
clinical scenarios [59], while internships are constrained by limited
resources and opportunities, making it challenging for students to
gain sufficient practical experience [78].

These challenges have motivated Human-Computer Interaction
(HCI) researchers to explore technology-enhanced solutions for pro-
fessional skill development. Early HCI research investigated various
approaches, from surgical simulations [47] to gamified learning
environments [49, 64]. Virtual Reality (VR) and Augmented Real-
ity (AR) technologies create immersive environments for complex
clinical situations, such as virtual surgical procedures or anatomy
courses [27, 47]. However, these technologies remain limited in
authenticity and adaptability, struggling to fully capture the com-
plexities of real-world clinical encounters while often relying on
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fixed training cases that lack flexibility [27]. Large Language Mod-
els (LLMs) emerge as a promising solution for medical education,
offering unprecedented opportunities for personalized, interactive
learning experiences. With their advanced natural language under-
standing and ability to generate contextually relevant responses,
LLMs can dynamically adapt to user inputs, making them well-
suited for simulating real-world clinical dialogues [41, 79]. Recent
HCI research demonstrates LLMs’ potential in educational con-
texts: supporting collaborative reasoning [86], providing adaptive
feedback [45], and serving as intelligent tutoring partners [85].

Despite these promising technical developments, current re-
search primarily focuses on system performance and educational
outcomes, often overlooking learners’ authentic experiences and
specific needs. Without understanding learners’ cognitive processes
during clinical training, systems risk creating barriers rather than
facilitating learning [44]. Clinical education presents unique chal-
lenges requiring not only cognitive skills but also empathetic com-
munication and real-time decision-making in high-stakes environ-
ments [39, 83]. This necessitates user centered design approaches
that systematically explore medical students’ challenges and expec-
tations. Given that existing research has not fully explored LLMs’
potential and limitations in clinical skills training, this study focuses
on the challenges medical students face and their expectations for
LLM-based tools. We chose these two aspects because they directly
reflect the tools’ practical effectiveness and user needs, providing a
clear direction for improving educational technologies. Thus, we
propose the following research questions (RQs):

e What challenges do medical students encounter when
training clinical skills using LLM tools? (RQ1)

e What are medical students’ expectations for improving
LLM-based training tools? (RQ2)

To explore these questions, we designed a two-phase study in
which medical students interacted with an LLM-integrated platform
focused on Type 2 Diabetes (T2D) clinical skills development (Figure
1). Through probe-based studies with 14 participants, we identified
11 challenges across three dimensions: 1) Dialogue Content—lack
of realism, repetitive responses, and insufficient knowledge dif-
ferentiation (C1-C4); 2) Dialogue Presentation—linear structures,
text-heavy outputs, and non-standardized formats (C5-C8); 3) Di-
alogue Interaction—absence of guidance, feedback, and scaffold-
ing (C9-C11). Following challenge identification, we conducted
co-design workshops where medical students collaboratively de-
veloped expectations for LLM-based training tools. For dialogue
content, they suggested enhancing authenticity and personaliza-
tion through enriched patient behavior models, user personas, and
strengthened scenario associations. For presentation, they expected
improved information delivery efficiency through structured frame-
works, information extraction, and multimodal outputs. For inter-
action, they proposed boosting user engagement and learning effec-
tiveness through increased guidance, feedback, and collaborative
features.

Our study offers the following contributions:

e We identify 11 key challenges medical students encounter
when using LLM-based clinical training tools, providing in-
sights into current limitations across content, presentation,
and interaction dimensions.
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o We elicit medical students’ expectations through co-design
workshops, highlighting needs for enhanced authenticity,
personalized experiences, and collaborative mechanisms.

e We propose ten design considerations among three dimen-
sions. We discuss the considerations specific to clinical edu-
cation from those applicable to general LLM-based learning
contexts, and interconnections among design considerations

By addressing these challenges and incorporating user-driven
design principles, our research contributes to the development
of more adaptable and impactful LLM-powered tools for medical
education.

2 Related Work

2.1 The Dilemma and Need for Clinical Skills
Training

Clinical skills training is a cornerstone of medical education, essen-
tial for developing high-quality healthcare professionals [4, 11, 29].
Medical students require extensive clinical skills training to inte-
grate theoretical knowledge with practical skills, fostering com-
prehensive understanding of their profession [8, 54, 60]. However,
several challenges impede this goal. Traditional clinical skills train-
ing typically relies on teacher or peer-simulated patients, which
presents limitations [13, 59]. Such approaches fail to accurately
replicate real-world clinical scenario complexity and lack standard-
ization, impeding effective skill transfer to actual practice. Addi-
tionally, internships provide opportunities to develop clinical skills,
but high demand and limited resources severely constrain exposure
to real clinical practice and meaningful feedback [78].

Current clinical skills training reveals significant deficiencies in
both knowledge transfer and practical skill development. Numerous
assessments [41, 63] show that clinicians and medical students fall
far below expected standards in diabetes management, highlighting
substantial gaps between theoretical knowledge and practical appli-
cation. This gap drives the need for innovative solutions like LLMs,
which can potentially enhance clinical skills training by providing
personalized, interactive, and adaptable learning experiences that
bridge the theory-practice divide.

2.2 Clinical Skills Training Technologies

Prior to the emergence of LLMs, HCI researchers had already devel-
oped various approaches to clinical skills training. From text-based
virtual patients [6, 21] to physical simulators [51, 70] to immersive
platforms leveraging virtual technologies [43, 64], researchers fo-
cused either on reproducing the content of clinical cases, enhancing
the immersiveness of delivery media, or emphasizing interactive
mechanisms for feedback.

In research on text-based virtual patients, scholars primarily
focused on the design of medical case content and interaction work-
flows. Cook et al’s meta-analysis [21] demonstrated that carefully
constructed cases—with varying complexity, cognitive scaffolding,
and timely feedback—achieved effects comparable to traditional
instruction. Critically, their research established the principle that
instructional design quality rather than technological sophistication
drives learning outcomes. Meanwhile, Bateman et al. [6] extended
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Figure 1: Workflow: We designed a two-phase study in which medical students interacted with an LLM-integrated platform
focused on clinical skills development. To build the probe platform, We focused on T2D-related clinical skills, including
interactive patient simulations, diagnostic decision-making, and patient education. Phase 1 shows the probe-based study with
platform interface featuring five T2D clinical scenarios, participant interaction photo, and data collection process. Phase 2
shows the co-design workshop with participant expectations gathering, collaborative activities (discussion, brainstorming,

presentation), and group workshop photo.

this understanding by identifying the components of effective con-
tent: making simulated reasoning processes explicit rather than
merely presenting diagnostic accuracy. This insight highlighted
that novices require visible expert thinking patterns, thereby in-
forming instructional design. This foundation laid the groundwork
for subsequent research focusing on the simulation of reasoning
processes and experiential learning.

However, the text-only presentation modality constrained skill
development. As Kneebone [42] documented, clinical competence
requires recognizing non-verbal cues and cultivating procedural
fluency—dimensions unattainable through text alone. Moreover,
script-bound interaction restricted authentic clinical reasoning prac-
tice, as predetermined decision trees inadequately reflected the
unpredictability of clinical practice [62].

Recognizing these embodiment limitations, researchers employed
physical mannequins, haptic devices, and 3D models to develop
simulators [51, 70]. Research on simulators primarily focused on
advancing presentation fidelity to enhance clinical skills training.
For instance, McGaghie et al. [51] demonstrated that when high-
fidelity presentation was combined with deliberate practice princi-
ples—namely focused repetition, expert feedback, and progressive
difficulty—simulation training produced superior outcomes com-
pared to traditional apprenticeship. However, content adaptability
remained constrained. Most simulators targeted specific skills at
fixed proficiency levels, creating scaffolding dilemmas [37].

Multimodal platforms integrate virtual reality, augmented real-
ity, and gamification elements, with researchers enhancing user
experiences through both interaction modalities and presentation
media. For example, Quail et al. [64] demonstrated how narrative
presentation enhances motivation through emotional engagement.

Similarly, Kneebone et al. [43] employed hybrid simulations com-
bining physical task trainers with trained actors, noting that coordi-
nated presentation modalities simultaneously facilitated technical
and communication skill development—neither of which could be
independently achieved through single-modality approaches. How-
ever, research also highlighted the complexity of coordination: each
content modification necessitated synchronized changes across
physical props, actor scripts, and system logic. As Kneebone et al.
documented, scenarios requiring multidisciplinary team involve-
ment demanded months for development and revision [43]. This
pattern exposed a fundamental paradox: rich, adaptive experiences
required exponential authoring effort [21].

This evolution reveals both cumulative progress and persistent
constraints. Text-based systems established cognitive scaffolding
principles [21], embodied simulators validated deliberate practice
with tactile feedback [51], and multimodal platforms demonstrated
integration of physical, virtual, and social dimensions [43, 64].
These contributions remain foundational for approaching new tech-
nologies. However, despite their respective strengths, these systems
shared a common limitation: script-bound interactions with prede-
termined paths that prevented dynamic adaptation to individual
learning trajectories. LLMs offer potential to address this challenge
through dynamic natural language generation [41, 79].

2.3 LLMs in Practice Education and the
Demands of Clinical Training

LLMs demonstrate broad application prospects in practice-based ed-
ucation across various domains. In software engineering and design
education, LLMs serve as partners providing on-demand advice and
generating practical scenarios, enhancing learner engagement and
efficiency [45, 85]. Business and management education research
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emphasizes LLM potential in supporting case-based reasoning [86].
However, these applications reveal common challenges, particu-
larly limitations in aligning generated content with domain norms,
supporting multi-turn reasoning, and fostering user agency [45, 86].

Clinical skill training faces even more complex challenges. Un-
like other practice domains, clinical education requires learners
to develop empathetic communication, ethical judgment, and real-
time decision-making skills in high-stakes environments beyond
reasoning tasks [83]. Simulated patient interactions, as clinical
training cornerstones, demand both factual accuracy and emotional
authenticity, requiring LLM-driven systems to be highly sensitive
to emotional, interpersonal, and contextual dimensions of medical
encounters [39, 83].

Although existing research has begun exploring learner inter-
actions with LLM tools in medical education, revealing learner
enthusiasm for Al-assisted learning and concerns about trust, trans-
parency, and pedagogical consistency [44], these studies primarily
evaluate from technical implementation and educational effective-
ness perspectives, lacking deep understanding of medical students’
authentic experiences and specific needs as end users. As Yee et al.
noted, needs for Al systems in clinical environments are dynami-
cally evolving [76], suggesting necessity to systematically explore
medical students’ challenges and expectations in different learning
contexts from a user experience perspective.

Therefore, designing medical education tools that balance Al gen-
erative capabilities with user-centered scaffolding, promoting both
realism and pedagogical efficiency, remains an urgent problem. This
study specifically targets this gap by focusing on medical students’
actual experiences when using LLM-based clinical skill training
tools, exploring the challenges they face and their expectations for
tool improvement.

To ground our investigation in a concrete clinical context, we
focus on Type 2 Diabetes (T2D) as our case study (Appendix A). T2D
represents an ideal domain for exploring LLM-assisted clinical skills
training due to its global health significance, complex management
requirements, and well-documented educational gaps in current
medical curricula [41, 78].

3 Phase 1: Probe-based Study

In order to gather insights into the challenges encountered by
medical students when using LLM probes, we conducted a probe-
based study, as depicted in phase 1 (Figure2). This phase of the study
involved the use of the probes for medical education, followed by
semi-structured interviews with 14 medical students. We received
ethical approval from our institution’s Ethics Committee to conduct
all procedures involving human subjects. Throughout the research,
we took careful steps to protect participants’ rights and privacy.
The following sections detail the types of data collected, participant
recruitment, and data analysis processes.

3.1 Probe Design

3.1.1  Probe Selection. In T2D clinical skill learning, three core
modules—interactive simulated patients, disease decision-making,
and patient education—form the foundation for preparing medical
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students for future clinical work[26, 38]. To understand how LLM-
based tools may support skill acquisition across these modules, we
designed five probes grounded in prior research.

For interactive simulated patients, we implemented Probe
1 (LLM agent simulate patients) building on Holderried et al. [33],
assessing whether students can engage in meaningful history-
taking interactions with GPT-based simulated patients. For disease
decision-making [81], we designed Probe 2 (Testing diabetic
retinopathy screening timing) to examine students’ application of
evidence-based DR screening recommendations [75], and Probe
3 (Chatbot in diabetic foot ulcers) to explore LLM-aided clinical
action selection for diabetic foot ulcers (DFU) cases [72]. For pa-
tient education [22], we designed Probe 4 (Evaluating obesity in
T2D according to guidelines) to assess students’ critical evaluation
of LLM-generated obesity management recommendations [3], and
Probe 5 (Develop rehabilitation plans for the elderly) to explore
LLM-supported construction of personalized rehabilitation plans
[52]. Table 1 summarizes the design logic, prompt structure, and
module alignment for each probe.

3.1.2  Probe Implementation. To facilitate the implementation of
the probe try-ons, we integrated all probes into a single platform
and developed an easily accessible user website based on JavaScript.
This platform is designed to promote seamless user navigation and
ensure a consistent experience across all tasks. We designed the
five probes as separate scenarios rather than continuous workflows
to reflect the current state of LLM-based medical education tools
in practice, which typically exist as discrete modules rather than
integrated systems. We modeled the user interface on the ChatGPT
page! and leveraged the ChatGPT-40 API? to support LLM-based
conversational functionalities (3). Prior to the interviews, we con-
ducted a pilot test with 3 medical students to validate the platform’s
usability and make necessary adjustments. To ensure a standardized
and structured approach, we prepared a detailed interview guide
that outlined the specific questions and prompts to be used during
the semi-structured interviews. This study is based on custom-
designed prompts, which utilize the existing ChatGPT-40 model
without any additional fine-tuning or retraining. Therefore, instead
of fine-tuning or retraining ChatGPT, we leveraged its existing
capabilities to assess its performance in applications such as sim-
ulated patient interactions, clinical decision-making, and patient
education (Appendix C).

3.2 Participants

We recruited 14 participants (8 female, 6 male) through word of
mouth. All had completed five years of clinical medical education,
and most (N=12) were about to begin their clinical internship. Partic-
ipants ranged in age from 22 to 25 years and all had prior experience
using LLMs. Detailed demographic information is provided in Table
2. Each study session lasted approximately 2 hours, and participants
received $50 compensatio.

3.3 Procedure

Each session was conducted in a one-on-one format, allowing for
in-depth exploration of participants’ experiences and perceptions.

!https://chat.openai.com/
2https://platform.openai.com/docs/models
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Figure 2: Phase 1:A probe-based study, which included experiencing the probes in clinical skills training, semi-structured
interviews with 14 medical students after they experienced probes.On the right side of the picture, we present a screenshot of
the user using the probe, showing the content of participant’s conversation using Probe 1 (simulating patient).

Table 1: Probe details, references, and their alignment with clinical skill training modules in T2D education.

Probe Description

Target Ref

Module

1. LLM agent simulate patients

Simulated

2. Testing diabetic retinopathy
(DR) screening timing

3. Chatbot in diabetic foot ulcers
(DFUs)

4. Evaluating obesity in T2D ac-
cording to guidelines

5. Develop rehabilitation plans
for the elderly

This probe aims to test whether GPT can provide ap-
propriate responses as a simulated patient and explore
whether doctors can effectively utilize it in medical sim-
ulation practices.

This probe evaluates whether LLM tools can help learn-
ers apply screening guidelines for DR, assessing clinical
reasoning under timing and risk trade-offs.

This probe explores whether LLMs can assist in diag-
nostic and therapeutic decision-making for DFU cases,
involving management choices and care prioritization.

This probe asks students to critically evaluate whether
LLM-provided treatment plans for obesity align with
clinical guidelines, emphasizing judgment and credibil-
ity assessment.

This probe assesses whether LLMs can help co-develop
personalized rehab plans considering multimorbidity
and lifestyle factors, relevant for patient-centered edu-

Patients

Disease
Decision-
Making
Disease
Decision-
Making
Patient Edu-
cation

Patient Edu-
cation

(33]

(75]

(72]

(3]

(52]

cation.

Participants were recruited from undergraduate medical students
transitioning from textbook learning to clinical practice, as well
as graduate students undergoing clinical training. Each session
consisted of three main stages:

Introduction First, the researcher explained the study’s pur-
pose and background to the participant. Second, after brief mutual
introductions, participants were asked to describe: 1) the duration
of their medical studies; 2) their practical experience with simu-
lation training; and 3) their prior use of LLM tools. Participants’
background information, including learning experience, medical
discipline, and exposure to medical simulations, is summarized in
Table 2.

Experience the Probes Participants were then invited to ex-
perience the five probes we designed, one at a time. During this

phase, participants were instructed to use the "Think-Aloud" (TA)
method [16], in which they verbalize their thoughts and actions
while interacting with each probe. This method was used to capture
their spontaneous reactions, challenges encountered, and insights
gained during task execution. The five probe tasks are described in
Appendix D.

Semi-structured Interview After completing the probe ex-
perience, researchers conducted semi-structured interviews. The
interview protocol covered four main areas: (1) overall experience
with the probes, including perceived advantages and challenges; (2)
individual feedback on each probe’s strengths and limitations; (3)
opinions on the integrated platform’s interface design and function-
ality; and (4) comparisons with existing medical education methods
and tools (see Appendix E for the complete interview guide).
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Figure 3: The interface of probe platform Probe 1: Simulated Patients (This task aims to test whether GPT can provide
appropriate responses as a simulated patient and explore whether doctors can effectively utilize it in medical simulation
practices); Probe 2: Testing DR Screening Timing (This task focuses on assessing doctors’ understanding and mastery of
the timing for screening diabetic retinopathy); Probe 3: Diabetic Foot Ulcers (This task aims to explore the application and
effectiveness of chatbot technologies, such as ChatGPT, in the diagnosis and treatment of diabetic foot ulcers; Probe 4: Evaluating
obesity in T2D (This task requires doctors to analyze the credibility of evaluation results provided by ChatGPT based on
guidelines for assessing obesity in T2D); Probe 5: Rehabilitation management plan (In this task, doctors will utilize ChatGPT to
develop personalized rehabilitation plans for elderly patients and validate their effectiveness through case studies.)
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Table 2: Participants’ demographic information

ID | Gender | Age Education LLM Experience Clinical Skills Practice Experience
P1 Male 22 Academic Master Report Writing Exam

P2 | Female | 24 Academic Master Paper Writing Exam

P3 | Female | 24 Academic Master Report Writing Exam

P4 Male 24 | Professional Master | Report Writing Exam

P5 | Female | 24 Academic Master Report Writing Exam

P6 | Female | 25 Academic Master Report Writing Exam and Daily Practice

P7 Male 24 | Professional Master | Report Writing Exam and Daily Practice

P8 Male 25 | Professional Master | Paper Writing Exam

P9 | Female | 22 Academic Master | Papers, Daily Life Exam

P10 | Female | 23 Academic Master Daily Practice Exam and Daily Practice and Internship
P11 | Female | 24 Academic Master Daily Practice Exam

P12 | Female | 22 Academic Master Daily Practice Exam and Daily Practice

P13 | Female | 23 Academic Master Report Writing Exam and Daily Practice

P14 | Female | 24 Academic Master Paper Writing Exam and Daily Practice

3.4 Data Collection and Analysis

We collected three types of data during the probe-based study: (1)
Background information: participants’ medical education duration,
simulation training experience, and prior LLM tool usage. This
contextualized their knowledge base for analysis. (2) Platform inter-
action data: participants’ activities on the probe platform, including
Think-Aloud verbalizations of their actions and challenges, cap-
tured via audio and video recordings. (3) Interview data: audio and
video recordings of all semi-structured interviews.

We conducted thematic analysis [14, 58] following an iterative
and systematic approach. This method enabled theme development
through collaborative coding and consensus-building, ensuring
trustworthiness and rigor throughout the process. Two researchers
first transcribed and translated all audio and video recordings us-
ing Feishu [24]. Transcripts were then coded using open coding
methods in FigJam. We used interaction records from the probe
platform as supplementary data to cross-validate and refine the
codes. The coding process involved four researchers in iterative
discussions. Two researchers performed the initial independent
coding. The entire team then compared the resulting classifications,
discussed differences, and collaboratively developed the final an-
alytical framework. For example, P10’s quote "The patient is too
cooperative, which is unrealistic" was initially coded differently by
the two researchers but, through discussion, was classified under
the sub-theme lack of realism in RS scenario within the theme
dialogue content. This process revealed that participants regarded
Probe 1 as a role simulation (RS) tool and Probes 2-5 as Q&A tools,
expressing views on dialogue content, presentation, and interaction
for both types.

To ensure the reliability of theme development, the research
team engaged in regular discussions to review and refine emerg-
ing themes. Quotations were grouped into themes based on their
conceptual similarities and differences (see Appendix F). For in-
stance, codes related to initiating conversations, dialogue coherence,
and concluding interactions were aggregated into the overarching
theme of interaction. Similarly, quotations concerning text length,

formatting issues, and information overload were consolidated into
the theme of content presentation.

4 Probe-based Study Findings

While participants generally expressed enthusiasm for LLMs in
medical education—with P7 describing the tool as “a top student
who can accurately answer questions”—the interactions revealed
significant usability barriers hindering effective learning. These
challenges fundamentally affected participants’ willingness to adopt
such tools, as P4 noted: “T wouldn’t really use it as a practice tool. It
still has some way to go...” Through systematic analysis, we identified
11 recurring challenges (C1-C11) organized into three categories:
Dialogue Content (C1-C4), Dialogue Presentation (C5-C3),
and Dialogue Interaction (C9-C11).

4.1 Dialogue Content Issues

4.1.1 C1: Lack of Realism in RS Scenario. In role simulation (RS)
scenarios, participants (N=10) reported that LLM-generated pa-
tient responses lacked behavioral realism. Simulated patients were
overly cooperative and rigid, failing to reflect real clinical inter-
action variability. P10 noted, “The patient is too cooperative, which
is not realistic.” Symptom descriptions were overly structured and
textbook-like, lacking emotional fluctuation. P9 commented, “The
symptom descriptions resemble textbook entries, not real patients.”
These limitations weaken educational value, especially for partici-
pants to navigate uncertain patient behavior.

4.1.2  C2: Insensitivity to Input Variation in Q&A Scenarios. In Q&A
diagnostic exercises, participants (N=12) found LLM outputs failed
to adapt treatment plans based on updated input. Despite adding
clinical details, models often generated identical responses. P4 re-
marked, “Even though I emphasized added patient details, the answer
given was the same.” P10 added post-gastrectomy context, yet re-
covery plans remained generic and inappropriate. This reflects
lack of contextual reasoning, limiting usefulness for personalized
decision-making training.
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4.1.3  C3: Lack of Knowledge Depth Differentiation and Direction
Customization. Participants (N=10) reported probes did not differ-
entiate between expertise levels. Content remained basic, lacking
scaffolding aligned with academic stages. P3 stated, “These answers
are basic. I could find them using a search engine. It doesn’t tell
me what I should know now or later.” P5 added, “This might help
undergrads, but for me as an intern, it’s not useful.” Without adap-
tive depth, LLM tools risk disengaging advanced learners while
under-supporting beginners. Some participants (N=6) noted LLM
content did not reflect specialty-specific needs. Clinical priorities
across surgery, internal medicine, or pharmacy were treated ho-
mogenously. P10 stated, “For surgery and internal medicine, case
focus differs. I hope for more specialized content.”

4.14  C4: Fragmentation Across Clinical Scenarios. Participants ex-
pressed frustration that probes operated as isolated tasks rather
than coherent diagnostic narratives. P1 remarked, “The modules for
diabetic foot, fundus exam, and rehabilitation have relevant informa-
tion, but I can’t apply them together in clinical analysis.” Students
expected cases to evolve across probes, mirroring real-world co-
morbidities. P10 added, “Why can’t consultation in Probe 1 connect
to later cases? Knowledge feels disconnected.”

4.2 Dialogue Presentation Issues

4.2.1 C5: Cognitive Load from Linear Dialogues. In RS scenarios,
participants found multi-turn text dialogues increasingly difficult
to manage. All participants reported difficulty recalling earlier pa-
tient information without excessive scrolling Without structured
summaries or dynamic highlighting, linear presentation increases
cognitive load and disrupts diagnostic flow. P3 said, ‘T forgot the
patient’s age or history and had to check again.”

4.2.2  C6: Information Overload from Verbose Outputs. In Q&A con-
texts, participants (N=12) described LLM responses as excessively
long, burying insights within redundant text. P2 noted, “Only one
or two points are useful, I have to read everything to find them.” P6
echoed: “The response is too long. I lose interest reading it.” This
overload leads to fatigue and reduced engagement when responses
lack segmentation or prioritization.

4.2.3 C7: Single Modality Output Limits Comprehension. Partic-
ipants consistently highlighted text-only output limitations. P10
remarked, “For diabetic foot or retinopathy, it would be better to
include videos or images.” Absence of visual or auditory elements
hampers understanding of spatial content and diminishes consulta-
tion realism. Participants perceived the system as “a smarter search
engine,” lacking multimodal richness of clinical encounters.

4.2.4  C8: Inconsistent and Non-Standardized Outputs. Participants
flagged multiple standardization issues. Lab values lacked refer-
ence ranges, making abnormality assessment unclear. P14 noted, ‘T
cannot tell if it is abnormal.” Inconsistent citation practices (some
responses included literature, others didn’t) eroded trust. P14 stated,
“Some probes have literature, some don’t, and I distrust those with-
out.” These inconsistencies diminish credibility in evidence-based
training.
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4.3 Dialogue Interaction Barriers

4.3.1 C9: Lack of Role and Task Framing in RS Scenarios. Although
participants received experiment instructions, they emphasized
role definition should be system-integrated. In clinical settings,
patients initiate consultations, yet the system remained passive.
P4 remarked, “The system should proactively inform us of patient
symptoms like real patients would.” P7 added, “In real life, patients
open conversations—we shouldn’t prompt them first.”

4.3.2 CI10: Lack of Feedback in RS Scenarios. In RS interactions,
participants reported absent real-time feedback on diagnostic de-
cisions. P12 commented, “The response seemed wrong, but it didn’t
tell me I was mistaken or why.” Others struggled judging diagnostic
process completion. P2 said, ‘Tt didn’t evaluate my diagnosis—just
asked if I thought it was right. That’s strange.” Without evaluative
scaffolding, learners may internalize incorrect reasoning patterns.

4.3.3 C11: Lack of Guidance in Q&A Scenarios. In open-ended in-
quiries, participants felt systems failed to infer or clarify intent. P8
noted, “Even when I emphasized key points, the response still devi-
ated.” LLMs often ignored contextual details when generating plans.
Participants criticized the tendency for direct answers, bypassing
stepwise reasoning opportunities. P5 stated, “Tt gives me the answer
right away. I don’t get to think.” P14 observed system-suggested
questions sometimes derailed conversations: ‘I forgot my original
question after being led away.” These issues reduce user agency and
undermine inquiry-based learning development.

5 Phase 2: Co-design workshop

After identifying key challenges through the Phase 1 probe-based
study, we conducted Phase 2 within 2-3 days to explore partici-
pants’ expectations through a co-design workshop. The co-design
workshop was grounded in participatory design traditions [67].
Following the generative design research [68] framework, we struc-
tured the workshop into four stages:introduction, discussion,
brainstorming, and presentation. This progression is commonly
adopted in participatory design studies [9, 80]. This structure moves
participants from reflecting on their experiences, through exter-
nalization via tangible artifacts, to collaborative critique and re-
finement, enabling both individual expression and collective sense
making. To ground discussion while supporting creative ideation,
we developed structured cards summarizing common Phase 1 chal-
lenges (Figure4). These cards scaffolded early discussion and helped
participants articulate pain points, though the workshop extended
beyond Phase 1 themes through open-ended sketching and collab-
orative critique.

5.1 Procedure

We invited all 14 medical students from the probe-based study to
participate in the co-design workshop, dividing them into four
groups of 3-4 students with two researchers each. The aim was to
gather insights based on their LLM tool experience and identify
expectations for improved probe design and functionality. This
90-minute session was facilitated by trained qualitative research
experts. The co-design workshop comprised of four stages (Figure5):

Introduction The moderator introduced workshop objectives
and initiated icebreaking activities to facilitate deeper discussion.
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Figure 4: 11 challenges form probe-based study. The top section with a header Dialogue content and contains four items
arranged horizontally: Lack of Realism in RS Scenario; Insensitivity to Input Variation in Q&A Scenarios; Lack of Knowledge
Depth and Direction Customization; Fragmentation Across Clinical Scenarios.The middle section with the header Dialogue
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header Dialogue Interaction and contains three items: Lack of Role and Task Framing in RS Scenarios; Lack of Feedback in RS

Scenario; Lack of Guidance in Q&A Scenarios.

Discussion Participants reviewed their probe platform experi-
ences using prepared materials: 1) Cards: Pre-prepared cards sum-
marized participant experience processes. One type denoted interac-
tion stages (initiation, continuation, conclusion). Another specified
content presentation attributes (output format, presentation mode,
length, probe rotation). A third indicated content quality reflecting
output quality of each probe. 2) Post-It notes: Participants reviewed
usage difficulties, challenges, and advantages during their experi-
ence and documented them on notes. The facilitator distributed
cards and explained their meaning. Participants then reviewed plat-
form experiences, writing challenges or advantages they faced on
individual post-it notes. The moderator posted participants results
on a blank wall for collective review. Participants shared experi-
ences while answering others questions. This exchange facilitated
in-depth retrospectives while generating different perspectives. The
process lasted 30-40 minutes.

Brainstorming The facilitator introduced the design task where
participants drew sketches of their ideal LLM tool based on dis-
cussion elements (1. Interface sketch: Show the visual layout of
key functions. 2. Interaction process: Explain how users interact
with the system and with whom.) Participants had 20-30 minutes to
thoroughly express their ideas. Researchers facilitated by providing

materials such as paper and pens. Since participants lacked draw-
ing skills, the host showed common LLM interfaces (ChatGPT). To
clarify designs and functions, researchers asked and confirmed par-
ticipants design intent and presentation forms while they sketched.

Presentation Participants presented sketches and explained
prototype designs to the group. After all presentations, participants
offered opinions on others designs and discussed them in small
groups. Participants could revise their sketches before submitting
them to researchers. This process lasted 30-40 minutes.

5.2 Data Collection and Analysis

We collected two categories of data. Participant-generated design
artifacts included: 1) 14 lo-fi prototype sketches depicting ideal
LLM interfaces, commonly featuring output length controls, struc-
tured feedback panels, role-play scenario framing, and multimodal
displays; 2) 56 annotated post-it notes documenting pain points
and desired features; and 3) 23 collaborative annotations where
participants critiqued peers’ designs. Researcher-documented data
included: 4) full audio and video recordings of all sessions (ap-
proximately 6 hours); 5) complete transcripts generated via Feishu
platform [24] and manually verified for accuracy; and 6) real-time
field notes capturing group dynamics and emergent insights.
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Figure 5: Phase 2 co-design workshop process. (1) Introduction with icebreaking activities, (2) Discussion using cards and post-it
notes to capture user experiences, (3) Brainstorming through lo-fi prototype sketching, and (4) Presentation the final design

and peer feedback on design concepts.

Our analysis followed an iterative approach, building insights
progressively from multiple data sources. Critically, we analyzed
both participants’ verbal articulations and their design artifacts,
treating wireframes as data that could reveal implicit priorities and
design tensions not explicitly stated in discussions [25]. Analysis
was conducted collaboratively within the research team through
regular meetings to discuss emerging themes, refine coding schemes,
and ensure methodological rigor. This team-based process allowed
triangulation between participants’ explicit feedback, design behav-
iors, and underlying motivations revealed through different data
modalities.

We began by linking sketch artifacts with corresponding recorded
data to ensure complete feedback capture. Researchers indepen-
dently conducted initial open coding of transcribed data, generating
preliminary codes capturing both explicit statements and implicit
design choices. Through iterative team discussions, we refined
and consolidated the coding framework, resolving discrepancies
and establishing clear criteria. Building on initial codes, we em-
ployed affinity diagramming using FigJam to identify recurring
patterns and cluster related concepts. We analyzed how partici-
pants expressed varying perspectives on challenges, revealing key
dimensions along which expectations varied and allowing us to
map feedback onto conceptual frameworks illuminating underlying
user needs. The final phase involved systematically tracing each
emergent theme back to supporting evidence across multiple data
sources (verbal feedback, sketch features, and post-it annotations)
ensuring robust grounding in participant contributions.

To illustrate our analytical approach, consider feedback about
text highlighting functionality (Figure5). During the brainstorming
session, one participant (P9) expressed concern that the responses
of certain probes were too long and proposed a highlighting mecha-
nism to manage lengthy text. Her sketch depicts an interface with a
selectable highlighting function. Another participant (P10) indepen-
dently conceived a similar feature that would allow users to mark
key points in extended responses. The key point is that the analysis

of the two sketches revealed that the participants envisioned high-
lighting: allowing users to annotate important content or enabling
the system to pre-highlight key clinical terms. This is a subtle design
difference that only emerges through the analysis of artifacts and is
not explicitly expressed in oral discussions. Researcher A initially
coded this as Text Management: Highlighting and Length Con-
trol under Presentation Improvements. Researcher B, focusing
on the underlying learning need, categorized it as Information
Extraction and Key Point Identification. Through collaborative
discussion, the team recognized this reflected broader challenges
with information overload and the need for active engagement
with lengthy responses. We refined the code to Key Information
Extraction and positioned it within Expectations for Content
Presentation.

All codes and themes underwent repeated validation through
team discussions and systematic comparison with original data. We
operationalized theme saturation through three explicit criteria:
(1) prevalence: each theme was supported by evidence from at
least 2 participants; (2) triangulation: each theme was corroborated
across at least two distinct data modalities (e.g., verbal feedback and
sketch artifacts); and (3) stability: no new substantive codes emerged
during the final round of transcript review. Themes meeting all
three criteria were retained for the final analysis, while those that
did not were consolidated into the stronger themes.

6 Co-design Findings

Based on user experience review and researchers’ summary, par-
ticipants expressed expectations in three areas: 1) expectations
for content quality, 2) expectations for content presentation,
and 3) expectations for dialogue interaction.

6.1 Expectations for Content Quality

Participants outlined four key expectations for improving content
quality of medical education LLM tools: enriching the patient
model (a of Figure6) to better simulate real clinical environments;
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Figure 6: Expectations of content Enriching the patient model (a) to better simulate the clinical environment of the real
world ; Building user personas(b) based on learning stages and operational preferences to provide more personalized content ;
Strengthening scenario association (c)to improve the efficiency and practical value of tools ; Personalized LLM roles (d)to meet

diverse learning.

building user personas (b of Figure6) based on learning stages
and preferences for personalized content; strengthening scenario
association (c of Figure6) to improve tool efficiency and practical
value; and personalized LLM roles (d of Figure6) to meet diverse
learning needs.

6.1.1  Enriching the patient model (for C1). Participants (N=11) sug-
gested enriching patient simulation models to better replicate real
clinical environments (a in Figureé). First, adding rich personality
details. P10 pointed out: “The simulated patient can add some de-
tails similar to personality, such as being very picky during blood
tests.” Second, increasing oral habits of simulated patients to narrow
the simulation-reality gap. P9 mentioned: “The model’s responses
are overly written or mechanical. I think it can simulate the oral
characteristics of real patient conversations.” Third, simulating com-
mon clinical interferences such as family interruptions or patient
pain attacks to enhance authenticity. P7 suggested: “This system
can simulate family members interjecting or patients experiencing
interruptions such as pain.”

6.1.2  Building User Personas and LLM’s roles adaptive(for C3). User
Persona Construction: Building user personas helps systems pro-
vide personalized content. Participants (N=14) hoped for modeling
from three aspects: learning stage, knowledge graph, and oper-
ational preferences. P4 mentioned: “The system could offer more
precise content based on the user’s grade and rotated departments.”
P9 noted: “The system should identify my weaknesses and provide
relevant knowledge-point strengthening exercises.”

LLM’s roles adaptive: Most participants conceptualized probe-
like LLMs as active learning instruments assuming multiple roles
simultaneously. P9 explained: “Clinical skill practice is fundamen-
tally a self-training process. LLMs that generate personalized practice
scenarios tailored to my specific needs represent a significant im-
provement over traditional approaches where instructors distribute

standardized cases.” However, they emphasized need for human
expertise integration, with P7 noting: “Certain clinical diagnostic
procedures require confirmation from experienced instructors, rather
than simply accepting LLM recommendations as definitive conclu-
sions.”

Participants articulated their vision for long-term autonomous
learning systems centered around three interconnected roles: sim-
ulated patient, Socratic tutor, and expert consultant. Rather
than sequential transitions, these roles operate concurrently with
varying emphasis across learning stages. The simulated patient
role provides foundational practice through iterative case-based
learning. The Socratic tutor role emerges through knowledge gap
identification and strategic questioning, as P7 noted: “By combining
question-and-answer dialogues, I could systematically address my
deficiencies in patient consultation techniques.” As students advance,
the expert consultant role gains prominence, with P10 explaining:
“As my knowledge progresses, I should independently modify patient
complexity levels. At this time, I need the teacher’s participation to
evaluate me.” P7 also noted that role emphasis varies by learning
context: “During case-based learning, I want the system to be primar-
ily a patient, but when I'm struggling with differential diagnosis, I
need more Socratic questioning and expert insights simultaneously.”

6.1.3  Strengthening Scenario Association (for C4). Participants pro-
posed integrating patient data inheritance and pre-integrating hos-
pital system interfaces to enhance tool efficiency and practical value
(c in Figure6). Intelligent inheritance of patient data improves expe-
rience. P1 suggested: “Modules for diabetic foot, fundus examination,
and rehabilitation management should be integrated into a complete
diagnostic and treatment chain” They believe integration across
clinical scenarios improves clinical knowledge learning and con-
nection. Pre-integration of hospital system interfaces is another
major improvement direction. P10 pointed out: “The tool should
integrate with hospital electronic medical record systems for easier
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use during internships.” Participants emphasized seamless integra-
tion with existing hospital systems including electronic medical
records, laboratory reporting, and prescription systems. Through
such integration, medical students believe they can enhance their
“confidence from student to intern.”(P9)

6.2 Expectations for Content Presentation

Participants identified four expectations for content presentation:
structured content presentation (e in Figure7) to alleviate cog-
nitive load from linear dialogues; key information extraction (f
in Figure7) through manual highlighting and learning recommen-
dations; optional multi-modality outputs (g in Figure7) such as
images, videos, and voice to enhance medical knowledge intuitive-
ness; and evidence-based medicine support (h in Figure7).

6.2.1 Structured Content Presentation (for C5). Participants ex-
pressed need for framework-based dialogue displays to address
memory burden of linear dialogues (e in Figure7). Framework-based
presentation can help better manage content, effectively organiz-
ing, reconstructing, and expanding knowledge systems. P9’s view
was widely agreed upon: “If LLM can build an effective knowledge
framework after information input, I can use it to review or update
my understanding of specific knowledge systems. This presentation
can integrate content from multiple dialogues like a mind map.”
Specifically, participants hope LLM can automatically divide

content into chapters, generate titles, and offer actionable tables of
contents for quick access and review. P2 added:

“For example, when I start a dialogue and input informa-

tion, LLM could automatically divide the content into

chapters, generate titles, and even provide an expand-

able and collapsible table of contents. Ideally, I should

also be able to adjust these features manually.”
This framework should dynamically update to let them visually
track learning progress. If the system allows active user annotations,
it would further enhance personalized learning experience. P7 put
it: “Through such interaction, our dialogues can become my personal
learning notes.”

6.2.2 Key Information Extraction (for C6). When faced with long
dialogues, participants often find it hard to grasp key points. They
suggested "manually highlight key points in dialogues" (P9, P2, P5,
P7) to break down content (f in Figure7). Manual highlighting can
better break down learning tasks, turning complex tasks into ac-
tionable sub-goals. P7 hoped LLM could break down long dialogues
into smaller, specific parts and recommend learning content based
on highlighted parts (P9: “It could auto-generate learning recommen-
dations based on my highlights, like daily learning plan reminders,
to guide my learning process.”) They believe this motivates careful
reading of long dialogue outputs.

6.2.3 Optional Multi-modality (for C7). Many participants indi-
cated that besides traditional text output, they hoped for multi-
modality output support (g in Figure7). P12 said: ‘T hope LLM can
output text and support voice so that I can listen directly during
clinical internships or emergencies instead of stopping to read.” Ad-
ditionally, participants proposed multi-modal outputs like charts,
images, and videos to enhance medical knowledge intuitiveness
and understandability. P11 stated: “For diseases like retinopathy and
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diabetic foot ulcers, pictures or videos are essential as text descriptions
alone are hard to understand and visualize.”

6.2.4 Evidence-based Medicine Support (for C8). Evidence-based
medicine support is crucial for enhancing system credibility (h
in Figure7). Participants expected embedded literature systems of-
fering direct PMID links and abstracts. P7 indicated: “Literature
is a must, and it would be better to include publication times, links,
and brief abstracts.” Furthermore, participants focused on dynamic
comparison functions for examination values. P14 mentioned: “Ex-
amination results should have pop-up prompts with normal ranges
to quickly determine abnormalities.” Annotation of treatment plan
evidence levels is also expected. P9 pointed out: “The system should
label the evidence levels of treatment plans to help us make more
evidence-based decisions.”

6.3 Expectations for the Dialogue Interaction

To address interaction-related limitations from Phase 1, partici-
pants proposed four primary design expectations for improving
human-LLM collaboration. They sought improved interaction
guidance for RS scenarios (i in Figure8) with user guides and
preset dialogue templates to direct conversations and lower en-
try barriers; enhancing feedback in RS scenarios (j in Figure8)
through real-time alerts and detailed analyses to correct diagnostic
deviations; enhancing interaction guidance in Q&A scenar-
ios (k in Figure8) with more LLM questions and iterative scope
narrowing; and adding collaborative and shared functions (1
in Figure8) like teacher-student collaboration spaces and template
markets to boost trust and knowledge exchange.

6.3.1 Enabling Role and Task Guidance (for C9). In response to
unclear role framing and task ambiguity in RS scenarios (C10), par-
ticipants expected explicit, proactive interaction scaffolds. They
suggested simulated patients should initiate conversations with
self-introductions and symptom descriptions, mirroring real clin-
ical consultations. P3 stated, “If the simulated patient introduces
themselves directly, it feels more realistic and natural.” Moreover,
participants proposed function-specific dialogue templates includ-
ing suggested questions and example interactions to help navigate
early-stage uncertainty. P4 mentioned, “Tt would be helpful to have
a dialogue template that outlines typical questioning paths.”

6.3.2  Providing Timely and Targeted Feedback (for C10). Partici-
pants expected feedback mechanisms that could identify reason-
ing errors and provide real-time corrective signals. This directly
linked to Phase 1 findings (C11) where participants expressed con-
cern about making diagnostic mistakes without system prompts.
P6 shared, “If I'm wrong, the system should tell me—not just stay
silent.” Several participants proposed visual tools, such as diag-
nostic progress bars, to help track accuracy and learning stages
during case interaction. These suggestions align with deliberate
practice principles in medical training, where timely, context-aware
feedback improves clinical judgment and confidence.

6.3.3 Guiding Reasoning in Q&A Scenarios (for C11). To mitigate
issues of overly direct responses and lack of guided inquiry (C11),
participants expected task-sensitive strategies promoting deeper
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engagement. Instead of immediate answers, LLMs should ask clari-
fying or reflective questions helping learners iteratively formulate
clinical inquiries. P11 explained, ‘T want the system to ask more
questions to help me figure out what I really want to ask.” This re-
flects pedagogical preference for active learning where students
are prompted to think critically and refine diagnostic hypotheses.

6.3.4  Supporting Collaborative and Shared Use. Participants em-
phasized integrating collaborative features to enhance learning be-
yond individual use. They expected asynchronous teacher-student
interaction through case discussion spaces where teachers could

offer feedback and review student reasoning post-session. P10 ex-
pressed, ‘Tt would be great if I could post my case and get comments
from my instructor later” Additionally, participants hoped to enable
peer-based sharing through template repositories where users could
upload and access useful prompts or dialogue designs. P2 remarked,
“If I create a good LLM setup, I want to share it with others.”

7 Discussion

Our study explored how LLM tools can enhance medical students’
clinical skills in T2D, identifying challenges and desired features
from students’ perspectives. Through a probe-based study with
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14 medical students, we uncovered 11 challenges across dialogue
content, presentation, and interaction. Subsequently, co-design
workshops clarified specific expectations, leading to ten design
considerations (DCs) organized into three dimensions: content,
presentation and interaction (Table 3).

Rather than discussing each DC in isolation, we reflect on three
overarching insights from our findings. We first examine how our
learner-centered perspective complements existing research (Sec-
tion 7.1: From System Performance to Learner Experience).
We then analyze the interdependencies among DCs across content,
presentation, and interaction dimensions (Section 7.2: Considering
Design Considerations as Interconnected). Next, we distinguish
between medical-specific and potentially generalizable considera-
tions (Section 7.3: Medical-specific Considerations And Poten-
tially Generalizable Considerations). Finally, we discuss how
LLM tools might be integrated into broader medical education con-
texts (Section 7.4: How LLM Tools Might Be Integrated Into
Broader Medical Education).

7.1 From System Performance to Learner
Experience

Existing LLM research in medical education has focused on two
areas: technical performance and educational outcomes. Studies
have assessed whether LLMs can pass medical licensing exams [55,
90], generate accurate diagnoses [71], or produce competent clinical
communications [74]. Systems like SOPHIE [12] and MedSimAI [31]
have advanced emotional modeling for simulated patients. Overall,
a substantial body of research has investigated LLMs’ capabilities
and their impact on learning outcomes within instructional systems.

Our study complements this line of work by foregrounding the
learner experience. We observed that even when content was med-
ically accurate, participants encountered barriers that impeded
learning. P10, for instance, described simulated patients as “too
cooperative”—not because the information was inaccurate, but be-
cause the interaction lacked the clinical unpredictability essential
for fostering reasoning under uncertainty [57, 69]. P3 reviewed dia-
logues repeatedly to locate key information, not due to conceptual
difficulty, but because the presentation imposed unnecessary cog-
nitive load [50]. Similarly, P12 expressed frustration that feedback
“didn’t tell me I was mistaken or why”: while the system gener-
ated correct information, it did not scaffold learners’ diagnostic
reasoning processes [34].

These observations echo broader findings in technology-enhanced
medical education. Cook et al’s meta-analyses [20, 21] showed that
simulation effectiveness depends on instructional design, not just
technological sophistication. McGaghie et al. [51] found that simu-
lation yields superior outcomes only when combined with deliber-
ate practice. Our findings extend these insights to LLM contexts:
learner experience deserves attention as a evaluation dimen-
sion, complementing technical capability and learning outcomes.

7.2 Considering Design Considerations as
Interconnected

We organized DCs into content, presentation, and interaction for an-
alytical clarity. However, our findings reveal that these dimensions
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are interdependent. This interdependence has important implica-
tions for system design.

Consider DC1 (Dialogue Realism). Though categorized under
content, achieving authenticity requires coordinated efforts across
all three dimensions. At the content level, it demands complex pa-
tient behavior with emotional fluctuation. This extends beyond
what current systems like SOPHIE [12] have achieved in emotional
modeling. At the presentation level, it requires naturalistic, collo-
quial language. P9 noted: “The model’s responses are overly written
or mechanical” This observation aligns with Bateman et al. [6], who
found that virtual patient authenticity depends on linguistic natural-
ness, not just medical accuracy. At the interaction level, participants
expected patients to initiate conversations proactively, mirroring
real encounters where patients drive dialogue [42]. Addressing
any single dimension while neglecting others yields limited im-
provement. A system with sophisticated emotional content but
stilted language still feels artificial [46]. Natural language without
proactive patient behavior still lacks clinical realism.

DC4 (Effective Information Presentation) shows similar inter-
dependence. Participants wanted clear, organized information dis-
plays. Effective presentation, however, presupposes accurate con-
tent and interactive features that support active engagement [18,
50]. P9 requested the ability to manually highlight key points, indi-
cating that presentation effectiveness depends on interactive affor-
dances. This resonates with Selenite’s [48] finding that comprehen-
sive overviews are most effective when users can actively explore
and restructure information.

DC8 (Feedback in Role-Play Scenarios) illustrates a third pattern
of interdependence. Effective feedback requires content accuracy
for correct diagnostic evaluation, presentation clarity for compre-
hensible communication, and appropriate interaction timing [34].
P12’s frustration reflects failure across dimensions. The content
may have been correct, but presentation lacked specificity and
interaction lacked scaffolding. Research on feedback in medical ed-
ucation [53] emphasizes that feedback timing and framing matter
as much as accuracy.

This cross-dimensional pattern contrasts with tendencies in ex-
isting research to optimize dimensions separately. VR simulators
[5, 47, 70] enhanced clinical realism through immersive presenta-
tion but often relied on fixed scripts, limiting adaptive content and
interaction. Zhou et al’s [87] projection-based mannequin system
improved visual presentation but did not address content adapta-
tion. Multimodal virtual patient systems [7, 64] improved presen-
tation modalities but offered content that could not dynamically
adapt to learner levels. Recent work on role-switching pedagogical
agents [88, 89] advanced interaction design but focused primarily
on agent behavior rather than content-presentation coordination.
Thus, we suggest that explicit attention to cross-dimensional
coordination would benefit future LLM-based educational tool
design. LLMs’ generative capabilities create new opportunities: un-
like script-bound predecessors, LLMs can potentially adjust content
complexity, presentation scaffolding, and interaction patterns si-
multaneously [1, 84]. Realizing this potential requires design frame-
works that treat dimensions as interconnected.
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Table 3: Overview of Design Considerations

DC Description Category Source
DC1 Dialogue Realism with Patient Authenticity Content C1, §6.1.1
DC2 Personalization & Dynamic Role Content C2-3,86.1.2
DC3 Linking Scenarios for Workflow Continuity Content C4,§6.1.3
DC4 Effective Information Presentation Presentation C5-6, §6.2.1-2
DC5 Multimodal Input & Output Presentation C7,8§6.2.3
DCé6 Output Standardization with EBM Presentation C8,§6.2.4
DC7 User Guidance in RS Scenarios Interaction C9, §6.3.1
DC8 Feedback in RS Scenarios Interaction C10, §6.3.2
DC9 Guidance in Q&A Scenarios Interaction C11, §6.3.3
DC10 Collaboration Mechanisms Interaction §6.3.4

7.3 Medical-specific Considerations And
Potentially Generalizable Considerations

Among our ten DCs, some are medical-specific while others may
generalize to other LLM-based learning contexts.

Medical-specific considerations. DC1 (Dialogue Realism with
Patient Authenticity), DC3 (Linking Scenarios for Workflow Conti-
nuity, and DC6 (Output Standardization with EBM) address needs
unique to clinical education. DC1 serves diagnostic training beyond
surface-level realism. In real practice, patient hesitation, emotional
fluctuation, and communication barriers are themselves diagnostic
cues [57, 62]. A patient who avoids eye contact or gives vague an-
swers may signal psychological distress or hidden concerns. Train-
ing with overly cooperative simulated patients fails to develop this
sensitivity. DC3 addresses the longitudinal nature of clinical care.
Unlike learning tasks with clear endpoints, clinical reasoning re-
quires tracking patients across multiple encounters [30]. A T2D
patient seen for routine follow-up may present new complications
months later. Students need practice managing this continuity. DC6
reflects the high-stakes nature of medical decisions. When par-
ticipants ask about medication prescription, they need responses
grounded in clinical guidelines and current evidence [35]. Trust
requirements in medicine exceed those in domains where errors
are more easily reversible.

Potentially generalizable considerations. Other DCs res-
onate with challenges in LLM-based education broadly. Adaptive
scaffolding (DC2, DC7, DC9) echoes CodeAid’s finding that pro-
gramming students need different support levels depending on
their prior knowledge [40]. Cognitive load management (DC4,
DC5) applies whenever learners must process complex informa-
tion—whether medical cases or data analysis [50]. Feedback design
(DCS8) parallels MatlabTutee’s work on providing constructive re-
sponses that promote learning rather than just correctness [65].
Collaboration mechanisms (DC10) connect to the Jigsaw Agent’s
exploration of peer learning with AI support [23]. These consid-
erations are not unique to medicine, but clinical contexts shape
their implementation. Scaffolding in medicine must account for
patient safety. Feedback must balance encouraging learners with
maintaining diagnostic accuracy.

7.4 How LLM Tools Might Be Integrated Into
Broader Medical Education

Our findings raise questions about how LLM tools integrate into
broader medical education contexts. Participants articulated expec-
tations across three areas: role functionality, human-AI collabora-
tion, and system integration.

Regarding Role Functionality, participants expected LLMs
to assume multiple concurrent roles, including simulated patient,
Socratic tutor, and expert consultant. They expressed a need for sys-
tems that could dynamically shift between these functions based on
learning situations. This multi-role expectation challenges designs
that position LLMs in singular functions, resonating with Zhu et
al’s [89] findings on dynamic role-switching agents.

Regarding Human-AI collaboration, participants emphasized
the irreplaceable value of human expertise despite their enthusiasm
for LLM capabilities. They noted that certain clinical procedures
require validation from experienced instructors rather than LLM
recommendations alone. Participants also desired asynchronous
spaces where instructors could review student reasoning (DC10).
This aligns with findings that instructor involvement remains criti-
cal for effective simulation [19, 35].

Regarding System Integration, participants proposed connect-
ing LLM tools with hospital systems, particularly EMRs. This vision
positions LLM tools as embedded workflow components, consis-
tent with situated learning theory [15]. Such integration offers
opportunities for authentic case complexity but raises challenges
around privacy and maintaining learning scaffolds in production
environments. While participants articulated clear expectations,
realizing them involves navigating several tensions that warrant
future research attention.

Student preferences versus pedagogical principles Partici-
pants often preferred receiving direct answers, yet learning theory
suggests that guided discovery may be more effective for devel-
oping clinical reasoning [37, 82]. This tension invites deliberate
decisions about when to provide direct information versus Socratic
questioning, which likely vary by learning objective and student
competence [40, 61].

Potential risks of Al in clinical education Students may
develop over-reliance on Al feedback, potentially affecting indepen-
dent reasoning over time. LLM-simulated patients may also reflect
demographic biases present in training data [66], and uneven access
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to sophisticated tools could contribute to educational disparities
[10].

The authenticity paradox Participants desired both greater
realism and greater scaffolding, yet these expectations may conflict.
Authentic clinical encounters typically offer limited scaffolding
[43]. Progressive authenticity, in which systems gradually introduce
complexity as learner competence develops [51], offers one possible
resolution.

7.5 Limitations

Our research examines medical students’ use of LLM tools for T2D
clinical skills through formative probes and co-design workshops.
Findings illuminate user challenges and expectations, while limi-
tations suggest future research directions. First, recruitment was
limited to medical students from Chinese universities. Participants’
backgrounds—varied by specialization and prior experience—may
influence outcomes. This study observed students from five-year
undergraduate programs; broader sampling across training stages is
needed. The focus on diabetes also calls for extension to other clin-
ical domains. Second, though observations and discussions yielded
rich insights, study duration was relatively short. Long-term diffi-
culties and adaptive behaviors remain unexamined. Future work
should develop LLM-based tools informed by our findings and eval-
uate them through longitudinal deployment. Third, methodologi-
cal choices shaped the findings in specific ways. The probe-based
approach enabled exploratory insight but limited observation of
naturalistic interaction with fully functional systems. Participants
engaged with researcher-designed prompts and scenarios rather
than self-directed queries, potentially narrowing the range of in-
teraction patterns. Co-design workshops elicited expectations and
design ideals but may have emphasized envisioned rather than
actual use. Fourth, interpreting observed limitations requires dis-
tinguishing among interacting factors: LLM output quality (e.g.,
occasional oversimplification or hallucination), probe design deci-
sions (case complexity and scaffolding), and user characteristics.

Future research should address these limitations through several
directions. First, deploying functional systems based on our design
considerations and investigating actual long-term usage patterns
would provide ecological validity. Second, expanding participant
populations across different medical specializations, disease types,
and cultural contexts would test generalizability. Third, controlled
experiments isolating the effects of content, presentation, and in-
teraction dimensions could empirically validate the observed inter-
dependence patterns. Fourth, investigating when direct answers
facilitate versus hinder learning would help navigate the tension
between student preferences and pedagogical principles. Finally, fu-
ture designs should incorporate mechanisms for promoting learner
independence and auditing for representational biases to mitigate
identified risks.

8 Conclusion

This study explores the main challenges and corresponding atti-
tudes faced by medical students as well as expectations regarding
using LLM medical education tools. Our research method com-
prised two main phases. First of all, we developed a technology
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probe platform integrating five relevant studies from previous re-
search. Through this platform, we conducted user experiments,
interviews, and surveys with 14 medical students. Our analysis
revealed insights into three key areas: conversation interaction,
content presentation, and content itself. In the second phase, we
organized a co-design workshop to explore optimizations for the
design of LLM tools. Participants expressed needs for LLM as per-
sonalized customized LLM tools, enhanced multimodal and stable
content presentation, and structured knowledge frameworks. Fi-
nally, based on the insights from the user study using the probe
platform and co-design workshop, we proposed interconnected
design considerations for LLM medical education tools that shift
focus from system performance to learner experience, distinguish
medical-specific from generalizable elements, and explore integra-
tion into broader educational contexts.

Our work contributes to the HCI and medical education com-
munities in several ways. We provide a user-centric perspective on
the potential of leveraging LLM in clinical skill learning scenarios.
Additionally, we highlight the challenges and opportunities of using
LLM-powered tools to enhance medical students’ T2D clinical skills
learning. Furthermore, we offer design implications for researchers
and designers interested in developing and promoting LLM-based
clinical learning for medical students.
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A Background of Clinical Skills in Type 2 Diabetes

T2D is a global health challenge with high incidence and long-term management needs, and its management requires a range of clinical skills
applicable to other chronic diseases [32]. However, T2D clinical skills training in current medical education has significant deficiencies in
knowledge imparting and practical skills development [41, 78]. Recent surveys indicate that primary care physicians have major knowledge
gaps in pre-diabetes screening, diagnosis, and management, with fewer than 20% answering correctly [77].

A cross-sectional study also found that medical students answered less than 50% of questions correctly regarding diabetes prevention and
management [41]. These gaps are closely tied to the current medical education framework [78]. About 73% of diabetes specialists believe
the existing education inadequately prepares graduates for effective clinical diabetes management [63]. The Society for Endocrinology has
further noted that many medical schools do not require diabetes coursework, and curricula rarely cover practical aspects such as insulin
types, dose adjustments, infusion management.

At present, the application of LLM in T2D clinical skills training is still in its infancy and mainly focuses on diagnosis rather than medical
education applications [36, 73, 75]. For example, while some studies have developed Al dietitians using ChatGPT to make personalized diet
recommendations [73, 75] or to evaluate LLM performance in screening for diabetic retinopathy [36], further optimization of LLM tools is
needed to better meet the combined clinical skills and practical experience requirements for T2D management in medical education. The
potential opportunities LLM technology shows in medical education make T2D an ideal entry point to explore LLM-assisted clinical skills
training. Clinical skills training for T2D encompasses three basic modules as follow [22, 26, 38, 81]:

o Interactive Simulated Patients [26, 38] is a key component of T2D clinical skill learning. These patients are trained to act as real
patients, simulating symptoms and conditions that are relevant to T2D. This allows students to practice their clinical skills, such as
taking medical histories, performing physical examinations, and developing treatment plans. Simulated patients also provide a safe
and controlled environment for students to make mistakes and learn from them without compromising patient care.

o Disease Decision-Making [81] is another critical module in T2D clinical skill learning. Students need to understand the pathophysiology
of T2D, its complications, and the current treatment guidelines. They should be able to diagnose and manage the disease effectively,
taking into account individual patient factors, such as lifestyle, comorbidities, and personal preferences. Disease decision-making
involves making informed decisions about treatment options, monitoring, and follow-up care.

e Patient Education [22] is an essential module in T2D clinical skill learning. Medical students need to understand the importance of
patient education in managing T2D. They should be able to communicate effectively with patients, providing them with clear and
concise information about their condition, treatment options, and self-management strategies.
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Author Title Key takeaway Ref

Sun et al. An Al Dietitian for Type 2 | The project integrates ChatGPT and GPT 4.0, a deep learning- | [75]
Diabetes Mellitus Management | based food recognition model, and a user-friendly application
Based on Large Language and | to improve diet-related care for people with type 2 diabetes
Image Recognition Models: | by addressing knowledge gaps and providing evidence-based
Preclinical Concept Validation | nutrition advice.

Study

Nikhil et al. Recommendations for initial di- | Use hypothetical case scenarios generated by clinicians and AI | [28]
abetic retinopathy screening of | applications to assess DR Screening timing. Explore the role of
diabetic patients using large lan- | artificial intelligence in DR Screening for patients with newly
guage model-based artificial in- | diagnosed diabetes.
telligence in real-life case sce-
narios

Jaskari et al. DR-GPT: A large language | This study proposes a large language model, DR-GPT, for clas- | [36]
model for medical report anal- | sifying the severity of DR In unstructured medical reports and
ysis of diabetic retinopathy pa- | shows that LLM can be applied to unstructured medical report
tients databases to classify diabetic retinopathy and have multiple

applications.

Barlas et al. Credibility of ChatGPT in the | ChatGPT was asked questions in segments by the endocrinol- | [3]
assessment of obesity in type 2 | ogist about the assessment of obesity and different treatment
diabetes according to the guide- | options based on guidelines. The study assessed the credibility
line of ChatGPT against obesity assessment guidelines for Type 2

diabetes (T2D).

Arslan et al. Exploring the Potential of Chat | This paper focuses on the potential application of Chat GPT in | [2]
GPT in Personalized Obesity | the treatment of obesity. Chat GPT can provide personalized
Treatment advice on topics such as nutrition programs, exercise programs,

psychological support, etc.

Shiraishi et al. | Appropriateness of Artificial In- | Evaluate the accuracy of the DFU information provided by | [72]
telligence Chatbots in Diabetic | ChatGPT according to established guidelines. According to the
Foot Ulcer Management DFU guidelines, seven Al chatbots were asked clinical questions

(CQ) and the accuracy of the answers were analyzed.

Nassar et al. Feasibility and Preliminary Be- | A diabetes education and support chatbot was deployed through | [56]
havioral and Clinical Efficacy of | the system to recruit adults with type 2 diabetes who had re-
a Diabetes Education Chatbot | cently completed a 12-week diabetes care management program,
Pilot Among Adults With Type | collecting data to assess satisfaction, engagement, and initial
2 Diabetes glucose outcomes.

Chung et al. Assessment of the information | Diabetes care and rehabilitation physicians discuss and identify | [17]
provided by ChatGPT regarding | the 14 most common questions patients ask in clinical practice
exercise for patients with type | about how to manage type 2 diabetes through exercise
2 diabetes: a pilot study

Mittal et al. Use of ChatGPT by Physicians | The potential of using the Al language model ChatGPT to de- | [52]
to Build Rehabilitation Plans for | velop personalized rehabilitation plans for elderly patients was
the Elderly: A Mini-Review of | explored
Case Studies

Holderried et | A Generative Pretrained Trans- | An interactive chatbot interface and a specific prompt were | [33]

al. former (GPT)-Powered Chat- | developed using GPT-3.5, including chatbot optimized disease
bot as a Simulated Patient | scripts and behavioral components.
to Practice History Taking:

Prospective, Mixed Methods
Study
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C Prompt

C.1 Prompt 1: Simulated Patients

Role: Patient (Ferdinand Wunderlich) Content: "Hello Mr. Wunderlich, in the following scenario, you will assume the role of a patient
presenting with specific symptoms. Please respond based solely on the provided medical information. You should answer questions in a
manner consistent with a real patient’s experience.Your name is Ferdinand Wunderlich. You are a 55-year-old male presenting with the
following symptoms: Chief complaints: Nausea and significant weight loss of 10 kg over the past 6 weeks. Chronic fatigue, exhaustion, and a
general lack of drive. Muscle cramps, primarily localized in the legs.Medical history: [Further case details...] Additional details: You have
experienced these symptoms progressively worsening over the past few months. You have tried various over-the-counter remedies with
little to no relief. When responding, please stay in character as Ferdinand Wunderlich. Provide concise and relevant answers to the questions
asked, reflecting your personal experience and symptom progression.”

C.2 Prompt 2: Testing DR Screening Timing

Role: Diabetes Medical Expert Content: "Hello, I am a diabetes medical expert. You are tasked with providing a DR Screening Score based
on the following cases, using the Diabetic Retinopathy (DR) screening guidelines. The DR Screening Score ranges from 0 to 10, which helps
determine the urgency and frequency of diabetic retinopathy screening for each patient. The guidelines for screening timing are as follows:
Score 0-2: Screen within 5 years. Score 3-5: Screen within 1 year. Score 6-10: Frequent screening may be required. Please provide a DR
Screening Score and the corresponding screening time for each of the following cases. Also, give a summary of your findings.

Example Cases: Case 1: Age: 46; Type of DM: Type 2; DM control: Poor; Systemic co-morbidities: Yes; Family History of DM: No; DR
Screening Score: 8; Recommendation: Immediate screening. Case 2: Age: 30; Type of DM: Type 1; DM control: Good; Systemic co-morbidities:
No; Family History of DM: Yes; DR Screening Score: 2; Recommendation: Within 5 years. Case 3: Age: 55; Type of DM: Type 2; DM control:
Poor; Systemic co-morbidities: Yes; Family History of DM: No; DR Screening Score: 8; Recommendation: Immediate screening.”

C.3 Prompt 3: Chatbot in Diabetic Foot Ulcers

Role: Diabetes Specialist Content: "Hello, I am a diabetes specialist. Your task is to evaluate responses from a chatbot regarding diabetic
foot ulcers (DFU) based on current clinical guidelines. You will assess the chatbot’s responses based on the following aspects: The accuracy
of clinical problem answers. The grading of recommendations and evidence level. Consistency with established clinical guidelines. The
authenticity of the references provided by the chatbot.

Here is an example case to evaluate: Case Example: A 55-year-old male with Type 2 diabetes presents with a non-healing foot ulcer. The
patient reports numbness in the foot and occasional burning pain. The wound has been present for 6 weeks and is not improving despite
over-the-counter treatments. Please assess the chatbot’s response to this case, focusing on the above criteria."

C.4 Prompt 4: Assessing Obesity in T2D According to Guidelines

Role: Endocrinologist Content: "Hello, I am an endocrinologist. You are tasked with providing obesity management recommendations for
Type 2 diabetes (T2D) based on current guidelines from the American Diabetes Association (ADA) and the American Association of Clinical
Endocrinologists (AACE). The guidelines include: Recommendations on obesity pharmacotherapy, including GLP-1 receptor agonists and
GIP receptor agonists. Emphasis on individualized, sustained weight management goals. Updated screening for comorbidities such as heart
failure, peripheral arterial disease (PAD), and non-alcoholic fatty liver disease (NAFLD). Please answer the following questions based on
these guidelines and provide examples where applicable.

Example Question: A 55-year-old male with Type 2 diabetes and obesity presents with poorly controlled blood sugar despite medication.
He is also at high risk for cardiovascular disease due to his hypertension. Based on the ADA and AACE guidelines, what obesity management
plan would you recommend for this patient?"

C.5 Prompt 5: Using ChatGPT to Develop Rehabilitation Plans for the Elderly Role: Rehabilitation
Specialist

Content: "Hello, I am a rehabilitation specialist. Your task is to design a detailed rehabilitation plan for an elderly patient based on their
specific conditions. The plan should cover physical, occupational, and speech rehabilitation, including exercise dosage, timing, frequency,
and progression over a 3-week period. Please use the case information provided to build a table with specific rehabilitation plans. Example
Case 1: A 73-year-old male with sarcopenia, diabetic neuropathy, and hypertension, who is 1 week post-cervical spine surgery. He has mild
chest infection, low oral intake due to pharyngeal muscle weakness, and is clinically improving. Create a detailed 3-week rehabilitation
plan that includes exercises, frequency, and progression. Example Case 2: A 73-year-old female with severe diabetic neuropathy of the feet
and deforming rheumatoid arthritis of the hands. She has good disease control but limited financial and social support. Develop a detailed
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3-week rehabilitation plan, focusing on physical and occupational therapy. Please ensure the plans are tailored to the patient’s unique needs,
including their medical conditions, functional status, and available support.”

D Probe-design user task

Probe 1: Simulating a Patient Participants were asked to role-play as a clinician diagnosing and treating a virtual patient simulated by GPT-3.5.
They were instructed to conduct a thorough history-taking, physical examination, formulate a treatment plan, and issue medical orders.
Probe 2: DR Screening Timing Participants were presented with 20 Al-generated hypothetical case scenarios of DR and were tasked with
determining the appropriate timing for DR screening based on the latest guidelines. Probe 3: Chatbot in DFUs Participants were assessed on
their ability to use a chatbot, including ChatGPT, to provide accurate information on DFUs based on established guidelines. Probe 4: ChatGPT
Credibility in T2D and Obesity Participants evaluated ChatGPT’s credibility in providing guidance on the management of T2D and obesity by
answering 20 questions based on guidelines from the American Diabetes Association and American Association of Clinical Endocrinologists.
Probe 5: Rehabilitation Planning for Elderly Participants were tasked with creating a comprehensive and personalized rehabilitation plan for
an elderly patient with T2D using ChatGPT. The plan needed to address the patient’s medical, physical, and psychosocial needs.

E Semi-structure Interview Question Outline

General experience inquiry

1. General impression: Can you briefly describe the overall experience of using the probe platform? 2. Major pain points: What major
challenges or inconveniences have you encountered during use? Do these pain points seriously affect your experience? 3. Significant Benefits:
Conversely, what do you find most appealing or helpful about the probe platform? Please give an example.

Specific feedback on each probe

1. Experience: How do you feel about probe 1 ? Is there anything particularly satisfying to you? 2. Function evaluation: Does the function
of probe 1 meet your expectations? If there are unmet needs, please be specific. 3. Improvement suggestions: For probe 1, do you have any
suggestions or ideas to improve it? (Repeat the above question for each probe)

Views on integrated probes

1. Interface design: Do you find the integrated probe interface design intuitive and easy to use? Are there any design elements that stand
out to you or that you feel need improvement? 2. Interface functions: Do the functions provided by the integrated probe (such as data
integration, analysis reports, etc.) meet your study or work needs? Are there any missing features you would like to add? 3. Interactive
experience: How smooth and easy is it to switch between multiple probes or work together using integrated probes?

Comparison with existing learning methods and tools for medical education

1. Efficiency comparison: What do you think are the advantages or disadvantages of integrated probes in improving learning efficiency
compared to the learning methods and tools you have previously used in medical education? 2. Learning effect: How do you feel about
your learning effect (depth of understanding, persistence of memory, etc.) after using the integrated probe? 3. Applicable scenarios: What
specific learning or teaching scenarios do you think integrated probes are more suitable for? 4. Willingness to adopt: Based on your current
experience, are you considering adopting more integrated probes in your future study or work? Why?
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Theme

Sub-theme

Example Quote

Dialogue Content Issues

Lack of Realism in RS Scenario

“The patient is too cooperative, which is not
realistic.” (P10)

Similar Treatment Answers in
Q&A Scenario

“Even though I emphasized the added patient
details, the answer given was the same...” (P4)

Lack of Knowledge Depth Dif-
ferentiation

“The current responses are basic. I could also
find these answers using a search engine.” (P3)

Scenario Isolation

“The modules convey related medical knowl-
edge in the dialogue, but I cannot truly apply
them to my clinical analysis” (P1)

Dialogue Presentation Issues

Linear Dialogue Issue

“Iforgot the patient’s age, medical history, or de-
tails of the description. I need to check it again”
(P3)

Information Overload Issue

“Only one or two points are useful. I have to
read through the long text to analyze it” (P2)

Single Modality Issue

“For conditions like foot ulcers and retinopa-
thy, it would be better to provide specific case
responses, such as dynamic videos or images.”
(P10)

Lack of Standardization

“I cannot tell if it is abnormal.” (P14)

Dialogue Interaction Barriers

Lack of Role and Task Guidance

“The system should proactively inform us of
the patient’s symptoms and feelings like a real
patient” (P4)

Lack of Feedback

“When I was diagnosing, the response seemed
different from what I expected, but it did not
remind me that my thought process might be
wrong.” (P12)

Lack of Targeted Guidance

“Even when I emphasize the key points of the
question, the response still deviates.” (P8)




"l Wouldn’t Really Use It as a Practice Tool": Understanding Medical Students’ Perspectives and

Needs on LLM-Enhanced Clinical Skills Training

G Codebook for Phase 2: Co-design Workshop

CHI *26, April 13-17, 2026, Barcelona, Spain

Theme

Sub-theme

Example Quote

Expectations for Content
Quality

Enriching the Patient Model

“The simulated patient can add some details
similar to personality, such as being very picky
during blood tests.” (P10)

Building User Personas

“The system could offer more precise content
based on the user’s grade and rotated depart-
ments.” (P4)

Strengthening Scenario Associ-
ation

“Modules for diabetic foot, fundus examination,
and rehabilitation management should be inte-
grated into a complete diagnostic and treatment
chain” (P1)

Expectations for Content
Presentation

Structured Content Presenta-
tion

“If LLM can build an effective knowledge frame-
work after information input, I can use it to
review or update my understanding.” (P9)

Key Information Extraction

“It could auto-generate learning recommenda-
tions based on my highlights, like daily learning
plan reminders.” (P9)

Optional Multi-modality Out-
puts

“For diseases like retinopathy and diabetic foot
ulcers, pictures or videos are essential as text
descriptions alone are hard to understand.” (P11)

Evidence-based Medicine Sup-
port

“Literature is a must, and it would be better
to include publication times, links, and brief
abstracts.” (P7)

Expectations for Dialogue
Interaction

Enhancing Interaction Guid-
ance for RS Scenarios

“If a simulated patient feature is used, it would
be easier for everyone if it introduced itself di-
rectly” (P3)

Enhancing Feedback in RS Sce-
narios

“When I was diagnosing, the response seemed
different from what I expected, but it did not
remind me that my thought process might be
wrong.” (P12)

Enhancing Interaction Guid-
ance for Q&A Scenarios

“Starting with a vague question, then letting the
system guess what I might want by asking me
more questions.” (P11)

Increasing Collaborative and
Shared Function

“If I set up a good LLM, I'd be happy to share it
with my classmates. The system could offer a
template area for user sharing” (P2)
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