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Abstract

Background: Conversational artificial intelligence (AI) systems offer potential solutions to traditional constraints in medical
consultation skills training, including high costs, scheduling difficulties, and varied standardisation.

Objective: There is limited evidence evaluating medical professionals' perceptions of AI generated patient interactions across
multiple fidelity dimensions and assess the educational value of conversational AI for consultation skills training.

Methods: Cross-sectional evaluation study at a UK medical school involving 179 participants (medical students and general
practitioners) at 70 sites. Participants completed standardised clinical scenarios using SimFlow.ai conversational AI system,
followed by structured questionnaires evaluating AI Realism, Medical Content, Educational Value, Feedback, and Usability
domains. Data were analysed using descriptive statistics and non-parametric tests to assess domain performance and participant
characteristics.

Results: Medical Content received highest ratings (median 4.0, IQR 1.0 [4.0-5.0]), with 97.9% rating clinical plausibility highly.
Educational Value was rated positively (IQR 1.0-2.0 [3.0-4.0] though AI Realism received moderate scores (median 3.0, IQR 2.0
[2.0-4.0]). Participants with prior AI experience gave significantly higher ratings for AI Realism than those without prior
experience (mean 3.81 vs 3.07, p<0.05).  Qualitative analysis revealed four themes: clinical authenticity, interactional
limitations, educational potential, and implementation considerations.

Conclusions: Conversational AI demonstrates strong capabilities in functional fidelity (clinical accuracy) despite limitations in
conversational fidelity (realism). The technology shows promise for supplementary clinical skills training rather than higher-
stakes assessment, with future development needed in dialogue naturalness and feedback capabilities. Clinical Trial:
https://doi.org/10.17605/OSF.IO/NUGBD
Not a clinical trial
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Scaling multimodal agentic AI in medical education: a multi-site cross-
sectional study of simulation effectiveness in primary care

Abstract

Introduction: Conversational  artificial  intelligence  (AI)  systems  offer  potential  solutions  to
traditional  constraints  in  medical  consultation  skills  training,  including  high  costs,  scheduling
difficulties, and varied standardisation. There is limited evidence evaluating medical professionals'
perceptions of AI generated patient interactions across multiple fidelity dimensions and assess the
educational value of conversational AI for consultation skills training.
Methods:  Cross-sectional  evaluation  study  at  a  UK  medical  school  involving  179  participants
(medical students and general practitioners) at 70 sites. Participants completed standardised clinical
scenarios  using  SimFlow.ai  conversational  AI  system,  followed  by  structured  questionnaires
evaluating AI Realism, Medical Content, Educational Value, Feedback, and Usability domains. Data
were analysed using descriptive statistics and non-parametric tests to assess domain performance and
participant characteristics.
Results: Medical Content received highest ratings (median 4.0, IQR 1.0 [4.0-5.0]), with 97.9% rating
clinical plausibility highly. Educational Value was rated positively (IQR 1.0-2.0 [3.0-4.0] though AI
Realism  received  moderate  scores  (median  3.0,  IQR  2.0  [2.0-4.0]).  Participants  with  prior  AI
experience  gave  significantly  higher  ratings  for  AI  Realism than those  without  prior  experience
(mean  3.81  vs  3.07,  p<0.05).   Qualitative  analysis  revealed  four  themes:  clinical  authenticity,
interactional limitations, educational potential, and implementation considerations.
Conclusion:  Conversational  AI  demonstrates  strong  capabilities  in  functional  fidelity  (clinical
accuracy) despite limitations in conversational fidelity (realism). The technology shows promise for
supplementary clinical skills training rather than higher-stakes assessment, with future development
needed in dialogue naturalness and feedback capabilities.
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Introduction
Artificial intelligence (AI) is widely regarded as the suite of technologies that allow computers to
perform tasks that  resemble human abilities,  including pattern recognition,  decision-making,  and
content generation  [1].  It  has shown considerable promise in  healthcare applications over recent
years, with prospects for continued development in medical training contexts [2]. The integration of
AI into medical education represents a significant development in healthcare training approaches, as
traditional  consultation  skills  training  has  long  relied  on  human  standardized  patients  and role-
playing exercises. While these conventional methods remain valuable, they face notable constraints
including high costs, scheduling difficulties, and limited standardization across encounters [3].
Large  language  models  (LLMs)  and  conversational  AI  systems  have  demonstrated  notable
capabilities across healthcare applications. These systems have shown the ability to pass standardized
medical examinations such as the USMLE with performance levels approaching human benchmarks
[4].  More  sophisticated  domain-specific  models  like  Med-PaLM2  have  achieved  expert-level
performance  on  complex  medical  questions,  indicating  their  potential  for  specialized  healthcare
applications  [5,6].  These  capabilities  translate  effectively  into  virtual  patient  simulations,  where
LLM sourced avatars can provide authentic and professional patient-scenario dialogue flows that
enable  realistic  clinical  interactions  through  large  data  resourced  models  [7].  Multimodal
technologies have quickly updated from basic text generation to systems capable of processing voice,
text, and visual inputs.
Conversational AI utilising multimodal agentic systems designed for medical training offer several
advantages  over  traditional  methods  of  simulating  patient  interactions.  They  provide  continuous
availability,  enabling  students  to  practice  consultation  skills  without  the  logistical  constraints  of
coordinating with human actors. These systems can deliver standardized case presentations, ensuring
learners  encounter  consistent  scenarios  and receive  uniform training  experiences.  The scalability
allows  multiple  simultaneous  interactions,  addressing  resource  limitations  that  have  historically
restricted  access  to  hands-on  practice  opportunities  [8].  Recent  studies  have  demonstrated  the
practical  application  of  these  technologies,  with  research  showing  that  medical  students  can
effectively use readily available AI tools like ChatGPT-4o Advanced Voice Mode for challenging
communication skills practice, finding the technology both useful and acceptable for supplementing
traditional training methods  [9]. Models can be developed for feedback that provides insights into
clinical reasoning, language use, and response effectiveness [10]. Furthermore, AI created feedback
offers potential advantages over human supervisor feedback by providing detailed, criterion-based
assessments  with  multiple  verbatim  quotations  from  transcribed  clinical  interactions,  enabling
personalised learning conversations [11].
Simulation fidelity encompasses multiple dimensions beyond visual and auditory realism, including
psychological  fidelity  and  functional  fidelity  that  support  specific  learning  objectives  [12].
Understanding these different dimensions of fidelity is important for developing effective AI based
training  systems,  as  research  suggests  that  functional  fidelity,  the  degree  to  which  a  simulation
evokes targeted cognitive processes, may be more significant for learning outcomes than perfect
physical  or  conversational  realism  [13].  The  conceptual  framework for  how users  interact  with
immersive  technologies  encompasses  multiple  interconnected  domains  including  engagement,
system usability,  and cognitive processes that  together  influence the overall  user  experience and
educational effectiveness [14]. 
Recent  work  has  explored  how  AI  can  benefit  simulation-based  training  through  advanced
assessment capabilities and adaptive learning approaches [15,16]. Current research on AI in medical
education  has  primarily  focused  on  knowledge  assessment  and  content  generation  rather  than
interpersonal  skills  training  through  experiential  learning approaches,  though systematic  reviews
indicate  growing evidence  of  AI's  broader  educational  impact  across  health  professions  [17,18].
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While studies have examined medical students' interactions with AI tutoring systems and assessment
tools, there is growing recognition of AI's potential for supporting communication skills training in
healthcare education, though limited research has evaluated how different dimensions of simulation
fidelity  impact  learning  outcomes  in  conversational  AI  applications  for  consultation  skills
development [19]. Training effectiveness and optimising learning outcomes are becoming apparent,
though questions remain about their readiness for widespread implementation [20].
The specific aims of this research were to:

1. Evaluate  how  medical  professionals  perceive  the  realism and  clinical  authenticity  of  AI
generated  patient  interactions  across  multiple  fidelity  dimensions,  distinguishing  between
functional fidelity (clinical accuracy and medical content) and conversational fidelity (realism
and flow)

2. Assess the educational value of conversational AI for experiential learning in consultation
skills training

3. Identify  factors  that  influence  user  acceptance  and  perceived  simulation  effectiveness,
particularly regarding the relationship between technical realism and functional educational
outcomes

4. Determine current readiness and implementation considerations for AI-constructed patient
simulation in medical education curricula

Methods

Study design and participants

We conducted a cross-sectional evaluation study of a conversational AI system designed for patient
consultation  training.  Participants  were  recruited  from  a  single  UK  university  medical  school
incorporating 70 general practice sites. All medical students in their 3rd year of study and general
practitioners within these settings were invited to participate via email invitation during March 2025.
A retrospective protocol for this study, including the full methodology, questionnaire, and analysis
plan, was registered on the Open Science Framework prior to journal submission.
From the total  eligible population (n=305), included grouped and individual participant response
(n=51), the estimated total individual participation was 179 (adjusted response rate of 61.3%).

Procedure

Participants completed a standardised clinical scenario with the conversational artificial intelligence
system during a  scheduled primary care training day.  The simulation was delivered through the
SimFlow.ai web-hosted platform (figure 1), which operates behind institutional firewall protection
and uses a single-stage authentication process. The system is powered by a large language model
based  on  OpenAI  technology,  enabling  naturalistic  conversational  exchanges  throughout  the
consultation. A synthetic voice engine generated a realistic, age-appropriate female voice matched to
the demographic profile of the virtual patient. The AI functioned in a one-way configuration in which
user  input  was  neither  stored  nor  transmitted  externally,  ensuring  that  interactions  remained
contained within the protected hosting environment.
Figure 1 Screenshot of SimFlow.ai web-hosted platform. Patient avatar image AI generated.
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More than seventy participating teaching practices accessed the simulation simultaneously during the
same morning session. Each site undertook the same scenario, which involved a general practice
consultation  with  a  woman  in  her  sixties  presenting  with  a  first  episode  of  visible  haematuria.
Learners  were  instructed  to  conduct  the  consultation  as  they  would  in  routine  clinical  practice,
including eliciting the history,  identifying relevant red-flag symptoms and discussing appropriate
investigation and management options.
The prompt design underlying the AI consultation was developed from a summarised version of the
case-based learning materials used in this teaching session. These materials were mapped closely to
the  intended  learning  outcomes,  ensuring  that  the  virtual  patient's  history,  symptom  cues  and
conversational structure aligned with established clinical reasoning expectations and supported the
educational aims of the activity.
Prior  to  deployment,  the  scenario  underwent  extensive  face-validity  testing  involving  practising
clinicians, medical educators and individuals experienced in simulation design. Feedback from this
process led to iterative improvements to the underlying prompt, producing clearer symptom cues,
greater clinical accuracy and more coherent conversational flow. Supporting materials for students
and facilitators, including case notes, learning points and guidance for debriefing, were also reviewed
to ensure accuracy and alignment with the curriculum.
Members of the academic team were present across participating sites during the session to provide
support and oversee implementation. No safety concerns were reported, and there were no observed
instances of inappropriate or clinically unsafe hallucinations from the AI system.
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Data collection

Following the consultation, participants completed a structured questionnaire evaluating the system
across five domains (online supplementary file 1): AI Realism (6 items), Medical Content (2 items),
Educational Value (3 items), Feedback (2 items), and Usability (2 items).  Each item was rated on a
5-point Likert scale (1=strongly disagree to 5=strongly agree). Three open-ended questions captured
qualitative feedback on the system's most realistic aspects, areas for improvement, and suitability for
assessment purposes such as OSCEs. Domains relating to engagement and system usability abridged
from immersive technology in medical education measure (ITEM) [21]. Furthermore, working group
pilot tested for construct validity check. The overall questionnaire demonstrated excellent internal
consistency (Cronbach's α = 0.92).Factor analysis supported the five-domain structure, with internal
consistency ranging from good (User Experience:  α = 0.753) to excellent (Feedback: α = 0.954,
Learning Value:  α = 0.935),  confirming the validity  of the theoretical  framework for evaluating
conversational AI acceptability in medical education. Survey methods are reported using the CROSS
checklist [22] (supplementary file).
Demographic information collected included professional role, years of clinical experience, and prior
experience with conversational AI systems for medical training.

Data analysis plan

Quantitative data analysis was performed on 47 unique questionnaire responses, representing a mix
of individual submissions and group consensus submissions. Group responses were treated as single
data points representing the consensus of the training site. Data cleaning and statistical analysis were
conducted  using  R  statistical  software.  Internal  consistency  of  the  questionnaire  domains  was
assessed using Cronbach alpha. One-sample Wilcoxon signed-rank tests were used to determine if
domain scores differed significantly from a neutral median of 3.0. Mann-Whitney U tests were used
to evaluate subgroup differences based on professional role and prior AI experience. All statistical
tests were two-tailed, and a P value less than .05 was considered statistically significant.
Qualitative analysis of open-ended survey responses was conducted using reflexive thematic analysis
following the  framework of  Braun and Clarke  [23].  Two researchers  independently  familiarised
themselves with the data and generated initial  codes. These codes were iteratively reviewed and
collated  into  overarching  themes  regarding  clinical  authenticity,  interactional  limitations,  and
educational  potential.  Qualitative  findings  were  triangulated  with  quantitative  results  to  provide
context for statistical trends, specifically regarding the divergence between medical content accuracy
and conversational realism.

Patient and public involvement

Healthcare  professionals  and  students  were  interviewed  in  the  design  process  of  ITEM  survey
[14,24]. During the evaluation patients’ in one primary care practice were asked on their view on this
training method. This revealed no objections to using agentic AI to simulate conversations. Medical
actors (n=34) were consulted about using AI in simulation with 88% positive to be involved in future
researching of agentic AI.

Ethical considerations

This  study was  approved by Swindon Academy Medical  Education  and Ethics  Committee  IRB
(CJ062023). All participants provided voluntary consent to take part after receiving a comprehensive
explanation of the study. No compensation was provided for participating in the study
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Results

Participant characteristics

From the  eligible  population  of  305 healthcare  professionals  (245  medical  students,  60  general
practitioners),  the  adjusted  response  rate  was  61.3%  (179/305).  The  final  sample  included
evaluations  from medical  students  (57.4%),  general  practitioners  (38.3%),  and specialist  doctors
(1/47,  2.1%). Most participants had clinical experience of either 1-2 years (36.2%) or 11+ years
(29.8%), with fewer in intermediate experience categories (3-5 years: 21.3%; 5-10 years 12.8%).
Only 12.8% reported prior experience with conversational AI for medical training.

Quantitative findings

Domain-level evaluation

Table  1 presents  descriptive  statistics  for  the  five evaluation  domains  (additionally  in  figure  2).
Medical  Content  received  the  highest  ratings  (median  4.0,  IQR  1.0  [4.0-5.0]),  with  nearly  all
participants (97.9%) rating the medical plausibility of the AI system highly. Educational Value was
also rated positively (median 4.0, IQR 1.0-2.0 [2.0-4.0]), though with greater variability in responses.
AI  Realism  received  moderate  ratings  (median  3.0,  IQR  1.0-2.0  [2.0-4.0]),  with  voice  quality
(median 4.0) scoring higher than other realism aspects (median 3.0). Feedback capabilities received
the lowest consistent ratings (median 3.0, IQR 0.0-1.0 [2.0-3.0]).

Based on individual-level concordance analysis, 46.8% of participants demonstrated high or very
high agreement with the group findings (≥3 exact domain rank matches), with an additional 25.5%
showing moderate concordance (2 exact matches), and an average Spearman correlation of 0.685
(moderate to strong agreement), see figure 3. 

Table 1 Domain level evaluation scores

Domain Median IQR Range

Medical Content 4.0 1.0 [4.0-5.0] 3-5
Learning Value 4.0 1.0 [3.0-4.0] 1-5
User Experience (usability) 4.0 2.0 [3.0-5.0] 2-5
AI Realism 3.0 2.0 [2.0-4.0] 1-5
Feedback 3.0 1.0 [2.0-3.0] 1-5

Figure 2 Domain level question responses with median and interquartile ranges 
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Figure 3 Heat map indicating the correlation between questions
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Effect of participant characteristics

Prior AI experience “expectation effect” was associated with higher ratings for AI Realism when
analysing mean scores (with experience: 3.81, without experience: 3.07, difference: 0.74, t=2.84,
p<0.05) as seen in Figure 4. In the odds ratio analysis, participants with prior AI experience were
more  likely  to  give  high  ratings  (≥4)  for  AI  Realism (OR 3.60,  95% CI  0.52-25.00)  and  User
Experience (OR 2.56, 95% CI 0.42-15.55), though these confidence intervals included 1.0 (Table 2).
Clinical experience of ≥5 years was associated with higher ratings for AI Realism (OR 4.17, 95% CI
0.72-24.23) and Feedback quality (OR 2.67, 95% CI 0.55-12.82), but these associations were not
statistically  significant.  Group versus  individual  questionnaire  completion  showed no significant
impact on domain scores (all p>0.05), with the largest difference observed for Educational Value
(group mean 3.33, individual mean 3.69, difference -0.36, t=1.11).

Table 2 Impact of prior AI experience on domain scores

Domain High  ratings  with  AI
experience

High  ratings  without  AI
experience

Odds ratio (95%
CI)

AI Realism 2/6 (33.3%) 5/41 (12.2%) 3.60  (0.52-
25.00)

User Experience 4/6 (66.7%) 18/41 (43.9%) 2.56  (0.42-
15.55)

Educational
Value

3/6 (50.0%) 20/41 (48.8%) 1.05 (0.19-5.83)

Feedback 1/6 (16.7%) 7/41 (17.1%) 0.97 (0.10-9.65)
Medical Content 6/6 (100.0%) 40/41 (97.6%) 0.30  (0.00-

Infinity)

Figure 4 Logistic regression of higher realism associated with prior AI use
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Question-level analysis

The highest-rated individual item was "The AI presents symptoms and histories that are medically
plausible" (median 5.0, IQR 1.0 [4.0-5.0]), followed by "The AI provides consistent and coherent
medical  narratives"  (median  4.0,  IQR 1.0 [4.0-5.0]).  "Is  easy to  use" also received  high ratings
(median 4.0, IQR 2.0 [3.0-5.0]). The lowest-rated items were "The feedback generated was similar to
facilitator" (median 3.0, IQR 1.0 [2.0-3.0]) and "has minimal response delays" (median 3.0, IQR 2.0
[2.0-4.0]).  Table 3 and figure 2 summarises these item results against a neutral baseline.

Table 3  Participant ratings of conversational AI fidelity and utility (N=47) Statistical significance
was determined using a one-sample Wilcoxon signed-rank test against a neutral median of 3.0.

Domain / Item Median (IQR) P Value

Medical Content (Functional Fidelity)

Medically plausible symptoms (Q7) 5.0 (4.0-5.0) <.001

Consistent/coherent narratives (Q8) 4.0 (4.0-5.0) <.001

AI Realism (Conversational Fidelity)

https://preprints.jmir.org/preprint/88905 [unpublished, non-peer-reviewed preprint]
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Voice sounds natural (Q5) 4.0 (3.0-4.0) .001

Responses resemble real patient (Q1) 3.0 (3.0-4.0) .43

Natural flow of conversation (Q2) 3.0 (2.0-4.0) .76

Emotional/verbal alignment (Q3) 3.0 (2.0-4.0) .58

Realistic response variability (Q4) 3.0 (2.5-4.0) .33

Conversational pacing (Q6) 3.0 (2.0-4.0) .89

Educational Value

Valuable learning experience (Q9) 4.0 (3.0-4.0) .01

Improves clinical reasoning (Q10) 4.0 (3.0-4.0) .02

Useful preparation tool (Q11) 4.0 (2.0-4.0) .11

Feedback & Usability

Easy to use (Q15) 4.0 (3.5-5.0) <.001

Feedback similar to facilitator (Q12) 3.0 (2.25-3.0) .17

Feedback was useful (Q13) 3.0 (3.0-3.0) .21

Qualitative findings

Thematic  analysis  of  open-ended  responses  revealed  four  key  themes:  clinical  authenticity,
interactional  limitations,  educational  potential,  and  implementation  considerations.  Figure  5
summarises the key themes and subthemes related to response.

Clinical authenticity

This  clinical  reliability  was  frequently  noted  as  the  system's  greatest  strength,  even when other
aspects were criticised.

“Mannerisms  sounded  human,  plausible  responses,  given  good  history. Responding  well  to
questions asked. Patient sounded appreciative and positive.” (P18)

Many  participants  observed  that  the  authenticity  of  clinical  content  partially  compensated  for
conversational limitations, suggesting that strong medical accuracy might be more important than
perfect conversational flow for educational applications.
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Interactional limitations

Participants frequently identified unnatural conversational patterns that diminished the realism of the
consultation experience. 

"The  AI  answered  almost  every  question  with  a  question  which  disrupted  the  flow  of  the
consultation.  Almost  every  answer  was  followed  by  'is  that  what  you'd  expect'/  'does  that  rule
anything out' which became a bit repetitive and did not feel natural." (P1)

Educational potential

Despite  limitations,  participants  recognised  significant  training  value,  particularly  for  early-stage
learners who need practice with basic consultation skills and clinical reasoning before engaging with
real patients. The system's ability to provide consistent scenarios with reliable clinical presentations
was seen as valuable for skill development.

" Consultation skills - her answers were life like, as if talking to a real patient." (P25)

Implementation considerations

Participants identified specific technical and design improvements needed before wider deployment,
focusing on both technological limitations and pedagogical design elements that would enhance the
educational experience.

" 1. Monologue 2. Information given too readily 3. Knew what question would be 4. Less prompt
based and more response based." (P22) 

Figure 5 Thematic map
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Triangulation of findings

Quantitative  and  qualitative  findings  showed  strong  convergence.  The  high  ratings  for  medical
content aligned with qualitative praise for clinical plausibility. Similarly, the moderate ratings for
conversational  aspects  corresponded with qualitative  feedback about  unnatural  dialogue patterns.
The statistical trend showing that participants with prior AI experience gave higher realism ratings
aligns  with  qualitative  comments  suggesting  expectations  influence  perception  of  the  system's
capabilities.

Discussion

Principal findings

The system demonstrated high functional fidelity, with "Medical Plausibility" scoring significantly
above the neutral baseline (Median 5.0, P<.001). This confirms that current LLM-based simulations
can effectively replicate the "medical logic" of a patient encounter. However, conversational fidelity
(Realism) remained statistically neutral (Median 3.0). Participants did not actively reject the realism
but perceived it as average, supporting the hypothesis that while the voice was excellent (Median
4.0), the emotional and conversational flow lagged behind.
Qualitative  analysis  identified  four  key  themes:  clinical  authenticity,  interactional  limitations,
educational  potential,  and  implementation  considerations.  Participants  consistently  praised  the
system's medical knowledge base and clinically accurate presentations, which partially compensated
for conversational limitations. 
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Notably, prior experience with AI technology significantly influenced perception of system realism
(p<0.05), with experienced users rating realism higher (mean 3.81) than those without prior exposure
(mean 3.07), highlighting a potential expectation effect.

Comparison with other studies

Our findings align with previous research on AI virtual patient simulation in healthcare education.
Systematic reviews of large language model applications in medical training have similarly found
that clinical accuracy and educational utility were rated more favourably than conversational ability
with relationship to human interaction [25]. The challenge of creating natural dialogue patterns in AI
systems has been identified as a technical hurdle despite advances in foundation models [5,26].
The  high  ratings  for  medical  content  accuracy  in  our  study  correspond  with  findings  from
performance  analyses  of  AI  in  adopting  large  data  sets,  which  have  documented  capabilities  in
representing detailed information while highlighting limitations in naturalistic conversation [27]. Our
findings  regarding  the  high  ratings  for  clinical  content  accuracy  despite  lower  ratings  for
conversational  realism  reinforce  important  principles  about  simulation  fidelity  in  healthcare
education.  Effective  simulation  doesn't  require  faithful  replication  of  reality,  but  rather  accurate
representation  of  essential  cues  and stimuli  [12].  In  our  study,  participants  clearly  distinguished
between clinical plausibility and conversational authenticity, yet still found significant educational
value in the AI simulation. This supports that learning outcomes can be achieved without perfect
fidelity in all dimensions.[28,29] Aspects of fidelity significantly hinge on the learners' perceived
realism of the context of the learning episode as opposed to any one particular element. 
LLM can perpetuate and amplify existing biases in datasets, which may explain our participants'
observations of the AI's tendency toward medically precise but conversationally unnatural responses.
Research shows that LLMs are primarily optimised for generating accurate informational content
rather than simulating natural human conversation patterns [30]. This optimisation bias helps explain
our qualitative findings where participants noted the AI system would often answer questions with
questions and provide verbosity in responses when simpler answers would be more natural. The
inclination of AI to provide excessively detailed information reflects what describes as a fundamental
characteristic  of  current  LLM  as  they  provide  comprehensive  information  delivery  over
conversational naturalness. For medical education specifically, our participants' tolerance of these
conversational  limitations  suggests  that  the  educational  value  of  accurate  clinical  content  may
outweigh  the  need  for  perfect  conversational  simulation.  In  a  pilot  study similar  conversational
limitations in their VP system were noted, including unusually formal language, repetitive answers,
excessively long responses, and consistently polite demeanor. Latency is an ongoing limitation with
current AI technology that incorporates human like voice  [31], which is due to multiple systems
working in tandem to provide the necessary computational steps from text transcription to voice
creation [32,33].
There has been significant progress in LLM ability to accurately assess a wide range of clinical
material  [34-36],  furthermore,  the  computational  capacity  exists  to  analyse  the  conversation
transcription against a chosen framework or rubric [37]. Our findings on conversational AI feedback
capabilities align with research on AI generated educational feedback. In a study using a custom
prompt for GPT-4 demonstrated how LLMs can be specifically tailored to educational objectives
when guided by established pedagogical frameworks [38]. Similar to our results showing moderate
feedback ratings (median 3.0, IQR 1.0 [2.0-3.0]), their study revealed variability in AI performance
across different feedback dimensions. This suggests that while current AI systems can successfully
incorporate elements of effective feedback principles, but they still require refinement in consistently
providing high-quality information about learner performance. 
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The  "expectation  effect"  we observed,  where  prior  AI  experience  influenced system perception,
which can be interpreted as technological readiness [39]. This phenomena may have influenced the
perception of the conversation AI. In particular, our findings suggest improved realism with prior
experience.  Users  with  prior  AI  exposure  develop  more  realistic  expectations  about  system
capabilities and limitations, leading them to evaluate performance relative to known technological
constraints rather than human interaction standards [29].

Implications for training

Our  findings  suggest  several  important  implications  for  medical  education.  Conversational  AI
systems demonstrate particular promise as supplementary tools for early-stage communication skills
training, offering consistent, accessible practice opportunities both prior and as an adjunct to patient
contact. The high ratings for medical content and educational value indicate that current technology
can provide clinically valid and effective simulations despite conversational limitations. For medical
educators, these systems may address challenges in standardising training experiences and providing
equitable access to practice opportunities, particularly in settings with limited standardised patient
resources or during disruptions to in-person teaching [3]. The ability to deploy multiple simultaneous
interfaces (>70 in our study) demonstrates potential for efficient large-group teaching applications,
addressing scalability issues identified in educational implementation research [40].
Content  may  compensate  for  realism  despite  the  neutral  ratings  for  conversational  flow,  the
educational  value  remained  significantly  positive  (Median  4.0).  This  supports  the  theory  that
functional  fidelity  (the accuracy of the case) is  more critical  for clinical reasoning training than
conversational  fidelity  (perfect  chat  flow).  Learners  appear  willing  to  forgive  some  "robotic"
conversational traits provided the medical signs, symptoms, and history are robust.
However, participants' distinction between the system's utility for practice versus assessment (noted
in qualitative feedback) suggests caution in higher stakes implementation. Recent commentary on AI
assessment tools in healthcare education emphasise that technology-enhanced learning tools should
complement rather than replace human instruction and assessment [41]. Transparency and disclosing
the fundamental nature of AI interactions, avoids misrepresentations of technological capabilities and
to cultivate an ethical approach and awareness of system biases [42].

Strengths and limitations of this study

Strengths

The study's unique methodology allowed for simultaneous testing with over 70 AI interfaces in a
single time window, demonstrating the system's scalability for large group teaching sessions.
The  study  also  achieved  a  relatively  high  adjusted  response  rate  (61.3%),  suggesting  good
engagement with the evaluation process  [43]. The systematic evaluation across multiple domains
using a structured questionnaire built upon validated measures provides a reliable framework for
future studies in this area.
 

Limitations and future research

Several limitations warrant consideration. First, the study was conducted at a single institution that
potentially limits generalisability. The uneven distribution of clinical experience among participants
(bimodal distribution toward either 1-2 years or 11+ years) may have influenced overall  ratings.
Additionally,  the  reliance  on  self-reported  evaluations  rather  than  objective  performance metrics
presents potential for response bias. The cross-sectional design provides only a snapshot evaluation
rather  than  longitudinal  assessment  of  the  technology's  impact  on  learning  outcomes  or  skill

https://preprints.jmir.org/preprint/88905 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Jacobs et al

development. 
The design and evaluation of AI driven virtual platforms that focus on communication skills would
benefit from greater stakeholder participation throughout the development process. Including input
from diverse user groups, subject matter experts, educators, and industry professionals can provide
valuable perspectives that enhance the relevance and effectiveness of these systems. Educational
effectiveness  can  be  explored  with  controlled  studies  that  expand  from  co-designed  learning
approach.  This  collaboration  ensures  that  the  resulting  platforms  address  actual  communication
challenges  while  incorporating  real-world  contexts  and  expectations  that  might  otherwise  be
overlooked in purely technical development environments [8].

Conclusion

This evaluation demonstrates that conversational AI systems for patient consultation skills training
show promising capabilities in providing clinically accurate scenarios with educational value, despite
limitations  in  conversational  authenticity.  The  technology  appears  particularly  suited  for
supplementary  training  in  clinical  skills  development  rather  than  high-stakes  assessment.  Future
refinements for larger scale randomised study should focus on enhancing dialogue naturalness and
feedback capabilities while maintaining the strong medical content accuracy that participants valued
most highly.
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Screenshot of SimFlow.ai web-hosted platform. Patient avatar image AI generated.
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Domain level question responses with median and interquartile ranges.
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Heat map indicating the correlation between questions.
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Logistic regression of higher realism associated with prior AI use.
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Thematic map.
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Chat GPT 5.2 image created with prompt- image that captures multimodal agentic AI, using computer avatars for consultation
simulation in medical training.
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