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Large language model used to simulate psychiatric OSCE scenarios: a medical student

perspective

Abstract

AIM: This study investigates how varying prompt conditions influence the quality and clinical
coherence of responses generated by a large language model (GPT-40 mini) in simulated

psychiatric OSCE scenarios.

METHODS: Four psychiatric OSCE cases were presented to GPT-40 mini under four
conditions with increasing details: a standard clinical prompt, a context-enhanced prompt, and
two variation prompts incorporating irrelevant or distracting information. GPT-40 mini was
asked to perform key OSCE tasks, history-taking, risk assessment, explanation, and
management for each case. Responses were scored using a standardised, structured rubric and

analysed thematically.

RESULTS: GPT-40 mini generated clinically relevant responses under standard and context-
enhanced prompts. However, performance declined as irrelevant information was introduced.
Quantitative scores dropped significantly across the different conditions, and qualitative
analysis revealed reduced coherence, increased verbosity, and difficulty prioritising clinical

content.

CONCLUSIONS: LLMs like GPT-40 mini can generate useful responses when provided with
clear and concise prompt instructions. However, in this study, we noted that clinical accuracy
and coherence deteriorated in the presence of distracting or ambiguous input. This highlights
the need for critical evaluation and unambiguous literacy when using LLMs in medical

education.
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Introduction

The rapid development of artificial intelligence (AI), particularly large language models
(LLMs), is transforming multiple sectors, including healthcare and medical education.! The
use of Al offers new opportunities for personalised learning, automated feedback, and
simulated clinical experiences. Its potential to augment traditional teaching methods and
support the training of future healthcare professionals is a growing area of academic and
clinical interest.”? This study directly evaluates the performance of a large language model
(GPT-40 mini) in a high-stakes clinical exam, i.e., the Objective Structured Clinical
Examination (OSCE). Understanding how LLMs perform in this context is crucial for their

safe and effective integration into student learning.

OSCEs are a core component of medical education, designed to assess clinical skills in a
standardised and objective manner.> In psychiatry, OSCEs are particularly valuable for
evaluating history-taking, risk assessment, communication skills, and treatment planning in
simulated patient encounters.* These assessments provide students with a structured

environment to develop clinical reasoning and interpersonal skills through direct feedback.

Given the growing accessibility of LLMs, there is a compelling rationale to investigate whether
these models can produce clinically accurate responses to medical scenarios. LLMs are
increasingly used to simulate patient interactions and generate model answers, making them a

potentially valuable resource for self-directed practice and formative exam preparation.

Despite its promise, the role of Al in practical clinical assessments such as OSCEs remains

underexplored.* Soong and Ho suggest Al holds significant potential to reshape OSCE design



and delivery, although its application remains largely theoretical and untested. Further research
is needed to assess its pedagogical, practical, and ethical implications.® This study seeks to

address that gap by evaluating how a LLM performs across psychiatric OSCE scenarios.

As increasing numbers of medical students are turning to generative Al tools for OSCE
preparation, it is important to understand not only whether these models can produce clinically
relevant responses, but also how sensitive they are to variations in prompt structure and
irrelevant detail. Evaluating this vulnerability is essential to determine whether LLM-generated
outputs can be relied upon as consistent and safe supplementary learning tools in high-stakes

assessment contexts.

This study aims to answer the following research question:

“How do varying prompt conditions affect the quality and clinical coherence of responses

generated by GPT-40 mini in psychiatric OSCE scenarios?”

Materials and Methods

Study design and setting

This was a mixed-methods study conducted in a virtual setting to identify initial trends in GPT-
40 mini performance of particular interest to medical students, and inform the scope and
methodology for future, larger-scale research. The approach combined quantitative analysis of

response quality with qualitative thematic analysis.

Al model and data collection

The LLM used in this study was GPT-40 mini (Open Al, San Francisco).® It was selected due

to its accessibility and growing use in educational settings. To ensure consistency and minimise



the risk of variability from model updates, all GPT-40 mini responses were collected within a

fixed seven-day period (5 January to 11 January 2025).

Four OSCE scenarios were selected from oscesense.com, an educational platform developed
by qualified UK-based doctors.” The selected scenarios reflect common clinical presentations

encountered by junior doctors and medical students in psychiatric training:

1. Scenario 1: A 23-year-old male presenting after a paracetamol overdose in a Liaison

Psychiatry context.

2. Scenario 2: A 16-year-old girl presenting with mood and behaviour concerns in a

General Outpatient Clinic.

3. Scenario 3: A 19-year-old girl presenting with weight loss and eating habits concerns

in a GP clinic.

4. Scenario 4: A 20-year-old male presenting with complaints of poor sleep and difficulty

concentrating in a GP clinic.

Each scenario required GPT-40 mini to perform standard OSCE tasks: taking a patient history,
conducting a risk assessment, explaining the patient’s risk to an examiner, and outlining a

management plan.

During data collection, the first author maintained a personal memo documenting observations,
reflections, and preliminary interpretations during each interaction. These notes were later
reviewed alongside GPT-40 mini responses to support reflexive awareness and contextual

understanding during thematic analysis.

Prompt conditions



To investigate the impact of contextual and distracting information on GPT-40 mini output,
responses for each of the four scenarios were generated under four distinct prompt conditions

(Table 1):

Table 1: Summary of prompt conditions used for psychiatric OSCE scenarios presented to

GPT-40 mini.

Condition Description

Original Condition The standard, concise OSCE scenario typically encountered in examinations was
presented.

Context Condition The original scenario was presented with a brief instruction asking Al to adopt
the role of a medical student sitting an OSCE. No additional environmental or
personal details were provided.

Variation Condition 1 In addition to the Context Condition, this prompt included irrelevant
environmental details (e.g., room temperature, ambient smells).

Variation Condition 2 In addition to Variation Condition 1, this prompt included irrelevant personal

details about the patient (e.g., hobbies, fun facts) and explicit user-directed

distractors (e.g., a glowing rubber duck on the examiner’s desk).

This structured variation in conditions allowed for detailed analysis of how GPT-40 mini
processes and prioritises information when presented with increasing levels of extraneous
detail. Each prompt condition for each scenario was run three times to capture variability in Al
outputs. Between the presentation of each individual prompt condition the investigator logged
out of the session and logged back in again to clear the temporary cache of GPT-40 mini and

eliminating the potential for order effects.



The quality of responses was assessed by the first author, a Year 3 medical student, who was

mentored by a Year 5 medical student.

Data analysis

Quantitative analysis

LLM responses were evaluated and scored by the first author, using a predefined marking
rubric developed by qualified UK-based doctors with expertise in medical education and
psychiatry.” The rubric is aligned with standard OSCE assessment criteria and assessed the
LLM responses across several domains. Each domain consisted of multiple objective criteria:
points were awarded if the LLM explicitly responded to a criterion, and points were withheld
if the criteria was not addressed. Domain scores were combined to produce a total score ranging
from 0 to 100, allowing for an overall assessment of the LLM’s clinical and communication

performance.” Table 2 below presents the full marking rubric for Scenario 1.

Table 2: OSCE marking rubric for psychiatric scenario 1.

Domain Criteria

Introduction Adheres to appropriate infection control measures

Introduces self with full name and role

Correctly identifies patient using at least 2 patient identifiable variables

Gains consent for history

History of overdose (Obtains Number of tablets taken
clear history of overdose -
Strength of tablets

including:)

Taken at once or staggered



When the last tablet was taken

Establishes whether anything else was taken with the tablets

Risk assessment (Adequate Protective factors

assessment of risk to self -
Planning

including:)
Location of attempt
Patient’s perceived lethality of attempt
Patient’s thoughts after attempt
Whether patient was intoxicated

Exploration of risk to others, pets or property

Exploration of risk of others towards the patient

Risk categorisation Establishes patient as high risk of harm to self, low risk of harm to pets and

others - therefore overall high risk patient.

Assessment and management  Full psychiatric history

Mental state exam

Suggests review of the patient by a senior with possible view to detention of

patient

Suggests leasing with community mental health teams or crisis team

Considers use of medication in the long term.

Considers use of counselling services and talking therapy later down the line

Candidate’s management indicates that they are aware it would be unsafe to

allow this patient to leave the hospital at present.

Note: Total score ranges from 0 to 100, with each criterion equally weighted at 4 points.



Descriptive statistics, including mean, median, standard deviation (SD), interquartile range
(IQR), and 95% confidence intervals (CI), were calculated using Google Sheets across

scenarios and prompt conditions.

Qualitative analysis

The first author adopted a qualitative approach, interpreting GPT-40 mini’s responses
simulating how a student would answer questions in an OSCE setting. This process reflected
the author’s personal observations and thought processes, which were documented informally
as reflective notes taken during each interaction. Thematic analysis was conducted on the LLM

generated responses following Braun and Clarke’s established six-phase framework.®

Results

Overall Al performance

GPT-40 mini consistently generated responses that were well-structured and clinically relevant
across all four psychiatric scenarios. However, a progressive deterioration in the overall
response quality was observed as prompt complexity increased, with irrelevant information and

explicit distractors affecting accuracy and completeness.

Quantitative findings

Quantitative analysis of the Al-generated responses provided a numerical evaluation of
performance across the four prompt conditions. These data provide a direct comparison of how

GPT-40 mini’s response quality was affected by the introduction of irrelevant information.

Table 3: Summary statistics of GPT-40 mini performance scores by prompt condition,

aggregated across four clinical scenarios (n =4 per condition).



Condition Mean score Median score Standard Interquartile 95%
deviation range confidence
interval
Original 49 48 5.7 6.5 45.8-52.2
Context 534 53 5.1 9 50.5-56.3
Variation 1 43.9 44.5 5.9 8.5 40.6 - 47.2
Variation 2 40.4 42 4.9 8.5 37.6-43.2

Note: For each prompt condition, four independent clinical scenarios were analysed (n = 4 per
condition). Three outputs were generated per scenario and averaged to produce a single score
prior to quantitative analysis. Descriptive statistics were calculated across the four scenarios.

Possible scores ranged from 0 to 100.

As shown in Table 3, both the mean and median scores progressively decreased from the
Original and Context conditions to Variation 1 and Variation 2. The 95% confidence intervals
(CIs) between the Original (45.8-52.2) and Variation 2 conditions (37.6-43.2), as well as
between the Context condition (50.5-56.3) and both Variation conditions (40.6—47.2 and 37.6—

43.2), show no overlap, suggesting a decline in performance across conditions.

In contrast, the standard deviation (SD) and interquartile range (IQR) remained relatively
consistent across all four prompt conditions, indicating that the amount of variability in GPT-
40 mini response quality did not significantly change. This suggests that complexity reduced
the average quality of LLM outputs, but the degree of fluctuation in performance between

individual responses remained stable.

Detailed descriptive statistics for each scenario and prompt condition can be viewed in

Appendix A.



Qualitative findings

Our thematic analysis identified three key patterns in how GPT-40 mini response quality
changed as the prompt complexity increased. These themes offer insights into the nuanced
ways GPT-40 mini responses were affected by irrelevant information. Table 4 summarises the

themes, their associated codes, and representative exemplar quotations from different prompt

conditions (Original, Context, Variation 1, Variation 2) selected to illustrate each theme.

Table 4: Summary of qualitative themes, codes, and exemplars identified in LLM responses

across prompt conditions.

Themes Codes Exemplars from GPT-40 mini responses
Original Context Variation 1 Variation 2
Comple  Over- "Try to go to bed “Educate the “Encourage the ""One of the most
xity explaining and wake up at patient on sleep patient to effective ways to
simple tasks the same time hygiene establish a improve sleep and
every day, even on techniques, such regular sleep concentration is
Redundancy in weekends." as: schedule (go to by making
clinical "Avoid  caffeine Regular  sleep- bed and wake up changes to your
explanations and alcohol, wake times at the same time lifestyle. This
especially in the Avoiding screens every day). could include
Reduced afternoon or 30 minutes before Suggest creating setting a regular
conciseness evening." bed a relaxing sleep routine,
"Create a Avoiding caffeine bedtime routine avoiding screens
relaxing bedtime and heavy meals (e.g., reading, before bed, and
routine and avoid late in the day avoiding creating a calm
using electronic Creating a electronics). and relaxing
devices before relaxing bedtime Advise limiting environment  at

10



bed."” routine.” caffeine  intake, night.  Limiting
especially in the caffeine, alcohol,
afternoon. and heavy meals
Recommend a before  bedtime
quiet, dark, and can help as well.
cool sleep  Physical activity
environment.” can also improve
both sleep quality
and mood, so I'd
recommend trying
to get some
exercise

regularly. "
Distracti  Acknowledgem “What'’s your “What do you “Engage her "I'm not sure if
on ent of typical day like? typically do in a interest: "I heard it’s just me, but
distractors Do  you feel day, and how are you collect I've noticed that
supported by you managing antique  spoons. rubber duck over
Integration of friends and with school, work, That’s such a there... Is that
non-clinical family?” or other unique hobby— some sort of
details responsibilities?”  what’s your magical artifact,
favourite one so or just a regular
Shift in tone far?" glowing toy? 1
apologize, I tend
to get distracted

sometimes."
Lack of Abrupt topic “What’s been “Can you think of "Are you still “You mentioned
logic transitions going on in your any major  enjoying your meeting  Taylor
and life recently?  stressors in your hobbies, like Swift—how was

11



connecti  Disjointed

on sections

Checklist-style

progression

Anything in
particular  that
has been

challenging  for

you?”

life recently, such
as university,
work, or personal

relationships?”

collecting
spoons? How
about  spending
time with
friends?"

that experience?
It sounds fun! Has
there been

anything in your

life lately that’s

been  especially
stressful or
affecting your

well-being?”

Theme 1: Complexity

As the prompt complexity increased in the Variation conditions compared to the Original and

Context conditions, GPT-40 mini’s responses became more opaque, less structured and less

concise. This was particularly evident in the management plans, which shifted from brief,

directive statements to lengthy, list-style explanations. The exemplar from Variation 2

demonstrates an overly detailed and indirect delivery of lifestyle advice, lacking integration

into a coherent, patient-focused explanation. While the content was clinically appropriate, the

excessive elaboration and lack of conciseness in Variation Conditions 1 and 2 could be

confusing in real-world clinical settings, where time is limited and communication must be

clear. This suggests that the sheer volume and irrelevance of certain prompt details can subtly

affect the directness and clarity of GPT-40 mini’s output.

Theme 2: Distraction

GPT-40 mini’s tone and clinical focus shifted as prompts included more irrelevant information.

In the Original and Context conditions, the responses remained professionally and clinically

oriented, focusing on understanding the patient’s daily routine and social support. However, in

12



the Variation conditions, GPT-40 mini began incorporating non-clinical details such as the
patient’s spoon collection hobby into its responses, acknowledging and expanding on
distractors in ways that disrupted the clinical flow. This shift in tone and attention can reduce
the clarity, efficiency, and professionalism of the response, especially in time-pressured clinical

scenarios where communication and judgement must remain succinct.

Theme 3: Lack of logic and connection

In the more complex Variation Conditions, GPT-40 mini responses occasionally exhibited a
lack of logical flow and smooth transitions between different clinical questions. Instead of
presenting a cohesive narrative, it sometimes jumped between unrelated topics or adopted a
checklist-style structure that lacked integration. Distractors and irrelevant information may
have contributed to the fragmentation of these responses. As shown by the exemplar in
Variation Condition 2, there is a sudden shift from empathetic engagement to an important
clinical question. This type of abrupt topic shift and lack of connection between clinical
domains can make GPT-40 mini responses feel disjointed, reducing their overall coherence and

potentially undermining the impression of professional competence.

Discussion

Interpretation of findings

This study provides relevant insight into the practical and clinical performance of a LLM (GPT-
40 mini) when applied to defined psychiatric OSCE tasks under varying prompt conditions.
Both quantitative and qualitative results suggest trends in which Al-generated responses tend

to decrease in clinical quality as prompt complexity and irrelevant information increase.

Quantitatively, the mean and median scores decreased progressively from the Original and

Context conditions to the more complicated Variation 1 and Variation 2 conditions. This

13



numerical trend supports the argument that although GPT-40 mini can generate structured,
clinically meaningful responses, they are sensitive to “prompt noise”, information that is
irrelevant, distracting, or emotionally or contextually nuanced. These distractions might have
impaired the GPT-40 mini’s ability to prioritise key clinical elements, as seen in the drop in
scores, consistent with Hadi et al. who found that ChatGPT’s diagnostic performance can vary

substantially depending on input phrasing and contextual detail.’

Qualitatively, the AI’s increasing verbosity, lack of conciseness, and abrupt topic transitions
appeared to reflect difficulty in distinguishing clinically relevant information from extraneous
detail within the prompt. When it is faced with irrelevant or emotionally loaded information,
such as a glowing rubber duck or the patient’s spoon collection, GPT-40 mini seemed to
struggle with filtering inputs and occasionally produced self-referential phrases, like a note to
self or an apology for distraction. This behaviour likely reflects the model’s probabilistic text-
generation process, whereby it selects responses with the highest predicted likelihood based on
its training data rather than through any form of cognitive effort or attentional control. As
Geracitano et al. note, in general ChatGPT’s apparent fluency often conceals substantial
variability in accuracy and reasoning quality.!® This could disrupt natural, fluent

communication and undermine the professionalism necessary for high-stakes OSCE settings.

Overall, this performance pattern appears consistent with broader concerns about LLM’s
ability to navigate the inherently unpredictable nature of real-world clinical situations.!!:!2 This
reveals both the potential and limits of generative LLM in clinical education at this present
time. It is excellent at linear, structured tasks but struggles with contextual noise, human

nuance, and adaptive complexity.

Implications of findings

14



The findings of this study engender several important implications for how generative LLM,
such as GPT-40 mini can be effectively and responsibly integrated into medical education,

particularly in assisting students with their OSCE preparation.

1. Importance of prompt literacy for effective Al use

Our results demonstrate that the accuracy and clinical appropriateness of LLM-generated
responses may be sensitive to the structure and relevance of input provided. This is consistent
with Mesko, who highlights the need for students and educators to gain the skills of crafting
clear and structured prompts to optimise LLM output.!* Developing this form of prompt
literacy will be important when interacting with LLM critically and precisely without

compromised accuracy or safety, particularly in high-stakes educational contexts like OSCEs.

2. The role of Al in clinical training for medical students

GPT-40 mini appeared to be capable of generating structured responses involving history-
taking, risk assessments, and basic management plans, particularly when provided with clean
and well-structured prompts. Al’s capacity to synthesise large volumes of clinical information
makes it a potentially powerful resource for medical students, particularly in settings where
access to mock exams, structured feedback, or simulated patients is limited.!* Resources used
for OSCE preparation such as Geeky Medics, OSCELab, and OSCER already utilise LLMs
and natural language processing models to simulate clinical scenarios, offering a valuable
supplement to traditional learning methods. These Al platforms can provide students with on-
demand, low-cost learning opportunities, allowing them to enhance their clinical exposure and

receive formative feedback outside of formal university settings.

However, the potential limitations of LLMs discussed above raise concerns about over-reliance

on generative Al systems, particularly in under-resourced environments where medical

15



students may lack access to experienced educators for supervision or feedback.!> Students
should therefore be encouraged to critically appraise Al-generated content and remain aware
of its limitations, especially in domains such as clinical judgement, empathy, and
communication skills, which require human oversight. While AI holds considerable promise
for enhancing accessibility and supporting medical education, it should be used as a supplement

to, rather than a substitute for, human-led teaching.

3. Broader implications of Al in clinical practice and society

Beyond education, this study also touches on AI’s potential role in clinical decision-making.
As healthcare systems explore the use of LLM to support clinicians, particularly in high-
pressure or resource-scarce environments, understanding the limitations of LLM reasoning
becomes critical. The findings here echo broader concerns consistent with other studies
indicating LLMs may appear confident while generating clinically irrelevant or biased outputs,

especially when overwhelmed with contextually unimportant data.'®!7

If Al is to assist healthcare professionals, it must first be refined to prioritise salient clinical
information, reduce hallucinations, and operate with transparency and accountability. Without
these safeguards, over-reliance on flawed outputs could compromise care quality and propagate

existing disparities.

At the societal level, Al offers the promise of increased access to medical knowledge,
especially for marginalised communities and individuals in remote or low-income settings.
However, this requires parallel efforts to expand digital access, address Al-generated bias, and
ensure regulatory oversight. Improved models, trained on diverse and high-quality clinical
data, could help reduce disparities in health literacy, strengthen global medical education, and

bring us closer to achieving health equity.'®
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Strengths and limitations

The strength of this study lies in its originality and its mixed method approach. It investigates
a relatively underexplored area, LLM use in psychiatric OSCEs, and employs both quantitative
scoring and thematic analysis to produce robust, multidimensional findings. It also draws from
an authentic medical student lens that was moderated by medical education and clinical
coauthors, adding relevance to how LLM might be integrated into actual student learning

workflows.

However, the study has some limitations. First, all assessments were conducted by the primary
researcher, without independent or blinded raters, which may introduce potential bias. In
addition, although efforts were made to maintain consistent scoring criteria, the assessment
process may have been influenced by the primary researcher’s expectations regarding
performance deterioration across prompt conditions. Nonetheless, the interpretation of the
assessment material and processes were audited by medical education and clinical co-authors.
Second, the lack of dynamic interaction between the LLM and simulated patients removes the
ability to assess real-time conversational logic, empathy, or adaptability. Third, the sample size
per condition (n=4) limits generalisability, and findings are model-specific to GPT-40 mini,

which may differ from other LLMs in future performance.

Finally, GPT-40 mini was trained on a large and diverse dataset from multiple sources, but the
exact composition, coverage of medical content, and recency of the data are not fully
transparent. !° This limits the ability to guarantee the accuracy of its medical outputs and
suggests that observed performance may reflect both the model’s training scope and inherent
biases. Acknowledging these factors clarifies how the use of this generative AI model may

influence the validity and generalisability of our findings.

Future research

17



Future research could aim to preserve the mixed-methods design of this study while enhancing
methodological rigour and better simulating the complexities of real-time clinical practice. To
reduce marker bias and improve generalisability, future studies would benefit from using larger
sample sizes across diverse prompt conditions to improve statistical power and incorporate
blinded, multi-rater assessments involving experienced clinicians as markers rather than
medical students. Studies need to evaluate a broader range of LLM architectures, as
comparisons across multiple models could clarify whether observed performance is model-
specific or consistent across platforms. In addition, moving beyond static prompts to interactive
OSCE simulations that allow real-time dialogue between LLMs, and simulated patients would

enable assessment of conversational flow, empathy, and adaptive clinical reasoning.

Conclusion

This study offers insight into how GPT-40 mini performed under simulated OSCE conditions,
highlighting both its promise and limitations in medical education. GPT-40 mini was able to
generate clinically relevant and structured responses when given concise, well-formulated
prompts, demonstrating its potential as a low-cost, accessible learning tool for students.
However, its performance declined in the presence of irrelevant prompt information, raising
concerns about its reliability in more complex, real-world scenarios. These findings underscore
the importance of prompt literacy, critical engagement, and human oversight in the educational
use of LLMs. While LLMs can enhance accessibility to clinical training, it should complement,
not replace, human-led teaching, particularly for skills involving empathy, communication, and
clinical judgement. As Al continues to evolve, further research is essential to ensure its
integration into medical education remains evidence-based, ethically sound, and aligned with

the core values of clinical training.
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