


Why was this study needed?

As ambient AI scribe tools began rolling out across NHS settings, a major
gap remained: how to monitor their safety once in use. 
Large language models (LLMs) can generate accurate clinical
documentation, but small errors—such as missing negations,
misattributions, or slight phrasing shifts—can alter clinical meaning. 

No structured framework existed to quantify or mitigate these risks in real-
world workflows. This study introduced CREOLA: the first published
methodology for proactive, continuous safety monitoring of AI-generated
notes in live clinical environments.

What we did

We identified the four most important documentation risks posed by large
language models (LLMs): hallucinations, omissions, duplications, and
misattributions. Using 450 simulated NHS consultations, we tested how
often these errors appeared in AI-generated notes. Each note was reviewed
using the CREOLA framework—a tool we designed to flag and classify safety
risks. We then tested how changes to system design and prompt structure
affected error rates. 

The result: a practical method for detecting and reducing risks in real time.
CREOLA is now fully embedded in TORTUS and runs automatically on every
note.

What we found

Even well-performing LLMs introduce some safety risk:
On average, 1.5% of note content was hallucinated, and 3.5% of
transcript content was omitted
Of these, 44% of hallucinations and 17% of omissions were rated
clinically significant—serious enough to affect care decisions if left
uncorrected. But crucially, these risks are fixable. When we refined
prompts and outputs, we saw:



75% reduction in major hallucinations.
58% reduction in minor omission.
0 major omissions in the best-performing system configuration.

The refined system performance was equal to or better than known human
error rates, demonstrating that with the right safeguards, LLM-generated
 documentation can meet or exceed accepted standards of clinical
accuracy.

What this means for you

CREOLA addresses a critical gap in digital clinical governance: how to
oversee LLM safety post-deployment, at scale. 

It offers a structured, auditable mechanism to:
Continuously monitor clinical documentation safety
Detect emerging risks across specialties
Support compliance with NHS safety and governance frameworks

TORTUS is the first AVT provider to publish and implement such a system,
now integrated into every deployment. For CCIOs, this means real-time
safety assurance, traceable audit trails, and alignment with NHS clinical risk
standards—marking a new level of confidence in AI-enabled documentation.
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Integrating large languagemodels (LLMs) into healthcare can enhanceworkflowefficiency andpatient
care by automating tasks such as summarising consultations. However, the fidelity between LLM
outputs and ground truth information is vital to prevent miscommunication that could lead to
compromise in patient safety. We propose a framework comprising (1) an error taxonomy for
classifying LLM outputs, (2) an experimental structure for iterative comparisons in our LLM document
generation pipeline, (3) a clinical safety framework to evaluate the harms of errors, and (4) a graphical
user interface, CREOLA, to facilitate these processes. Our clinical error metrics were derived from 18
experimental configurations involving LLMs for clinical note generation, consisting of 12,999 clinician-
annotated sentences.We observed a 1.47%hallucination rate and a 3.45%omission rate. By refining
prompts andworkflows,wesuccessfully reducedmajor errors belowpreviously reported humannote-
taking rates, highlighting the framework’s potential for safer clinical documentation.

One of the most appealing applications of LLMs in healthcare is for
administrative tasks1. Clinicians devote a substantial amount of time to
documentation2, and prolonged interaction with electronic health records,
where clinical documentation is logged, has been demonstrated to raise
cognitive load and lead to burnout3. In fact, the use of LLMs for clinical
documentation, especially clinical note generation4 or consultation
summarisation5,6, is an active area of research.

However, LLMs are known to produce errors in many settings, from
document summarisation7, to general reasoning tasks as well as more
clinically relevant tasks8. These errors can be categorised as
“hallucinations”9: knownas an eventwhere LLMsgenerate information that
is not present in the input data, or omissions: the event where LLMs miss
relevant information from the original document. Errors in clinical doc-
umentation generation can lead to inaccurate recording and communica-
tion of facts10,11. Inaccuracies in the document summarisation task can
introduce misleading details8 into transcribed conversations or summaries,
potentially delaying diagnoses12 and causing unnecessary patient anxiety.

The problem of hallucinations poses a significant challenge to date1,13.
The occurrence of hallucinations has previously been attributed to the data
quality duringmodel training14,15, the type ofmodel trainingmethodology16

and prompting strategies17.
Recent work has established that hallucination may be an intrinsic,

theoretical property of all LLMs9. Consequently, there is a growing body of
work focused on the technical evaluation of LLMaccuracy and the detection

and mitigation of hallucinations in LLMs18. However, the prevalence, cau-
sation, and evaluation of hallucinations in a clinical context, as well as their
subsequent impact on clinical safety, remains an open question.

Clinical documentation can be variable in quality19,20, and studies
estimate that human-generated clinical notes have, on average, at least 1
error and 4 omissions21. Given the increased usage of LLMs for clinical
documentation22,23, several methods have been proposed for evaluating
clinical documentation generated using LLMs.

Relevant clinical evaluation frameworks typically include categorising
clinical errors for downstream analysis. Typically, these differ from tradi-
tional natural language processing (NLP) taxonomies16, which have sepa-
rated hallucination types into distinct categories, for example, into
“intrinsic” and “extrinsic”24, “factuality” and “faithfulness”16, “factual
mirage” and “silver lining”25 errors. The differences between general and
clinical taxonomies arise from the necessity of increased granularity of
clinical error types, which are not captured by the broader, generalmethods.

For example, Tierney et al.26 propose using a modified version of the
Physician Documentation Quality Instrument-9, accounting for halluci-
nations and bias, while Abacha et al.23 propose evaluating clinical note
quality using automated metrics. However, these relevant clinical categor-
isations have not assessed the implications of the mistakes for
downstream harm.

Automated metrics, such as Recall-oriented Understudy for Gisting
Evaluation (ROUGE)27, Bilingual Evaluation Understudy (BLEU)28 and
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Bidirectional Encoder Representations from Transformers (BERT)-score29,
while useful for comparing model-generated text with expert-written
examples, exhibit significant limitations when applied to the evaluation of
healthcare-related content. These metrics, primarily focused on surface-
level textual similarity, fail to capture the semantic nuances, contextual
dependencies, and domain-specific knowledge crucial for accurate medical
discourse30. This deficiency is particularly problematic inhealthcare settings,
whereunderstanding complexmedical concepts (e.g., symptoms,diagnoses,
treatments) and their interrelationships is paramount for patient well-being
and effective decision-making.

Despite the exponential growth in benchmarks for model reasoning
abilities31, the evaluation of LLMs on clinical tasks has typically been carried
out via “question-answering” (QA) benchmarks5,8,32. These tasks assess
models’ accuracy over various clinical questions, typically derived from
licensing exams. While these methods offer insights into the factual
knowledge and reasoning abilities of LLMs, they do not assess clinical or
medical capabilities such as medical text summarisation.

Singhal et al.33 have outlined the challenges of evaluatingLLMs in various
medical contexts, including medical exams, research and consumer queries.
They have proposed a human evaluation model for the answers provided by
different LLMs that checks on factuality, precision, possible harm and bias.
Other evaluation factors such as fairness, transparency, trustworthiness and
accountability have been suggested in using LLMs in healthcare34. In a more
recent study, Tang et al. assessed human evaluation based onmetrics such as
coherence, factual consistency, comprehensiveness and potential harm.

Interestingly, they assessed the clinician’s preference for different outputs35.
More recently, Tam et al.36 have introduced QUEST as a framework for
humanevaluationof LLMs inhealthcare following a comprehensive literature
review on the topic. QUEST includes five principles for human evaluation of
LLMs, including Quality of information, Understanding and reasoning,
Expression style and persona, Safety and harm, and Trust and confidence.

Multiple benchmarks have been proposed to evaluate model sum-
marisation capabilities in the biomedical domain, includingover biomedical
literature37–40, medical forum conversations41, and radiology reports22,42.
However, these benchmarks do not capture the nuances of patient-facing
clinical interactions, where LLM-documentation holds most promise.

Recently, Umapathi et al.43 have assessed models’ tendency towards
hallucination. They reported that LLMs were significantly variable in their
accuracy depending on the prompts used. However, the MedHALT bench-
mark is limited to assessing LLM’s reasoning capabilities over the medical
domain in a QA format. Most relevantly, Moramarco et al.21 benchmark
BARTmodels on the PriMock dataset and find that they produce 3.9 errors
and 6.6 omissions on average per note. However, they did not assess the
model’s impact or human errors on patient safety as part of their study.

This study aims to contribute to the ongoing effort to ensure clinical
safety in using LLMs for note generation by introducing a frameworkwhich
has four components: (1) a clinically and technically-informed error tax-
onomy to classify LLM outputs, (2) an experiment structure to compre-
hensively and iteratively compare outputs within our LLM document
generation pipeline, (3) a clinical safety framework to assess potential harms

Fig. 1 | Our workflow for the assessment of LLM
output using CREOLA platform. This diagram
illustrates the process we followed using the avail-
able dataset for various experiments, including the
input from clinicians for labelling and consolidating
reviews, followed by a safety analysis.

https://doi.org/10.1038/s41746-025-01670-7 Article

npj Digital Medicine | ����������(2025)�8:274� 2

www.nature.com/npjdigitalmed


of errors in LLM outputs, and (4) an encompassing graphical user interface
(GUI), CREOLA, to perform and assess all previous steps. Figure 1 shows
ourworkflowbasedon the framework.Wepresent ourfindings and insights
from applying our framework, which, to our knowledge, represents the
largest manual evaluation of LLM clinical note generation to date.

Our objective is to promote the efficient, reliable, and confident use of
LLMs for clinical documentation, thus supporting healthcare providers in

delivering high-quality care and overall reducing the administrative work-
load for clinicians.

Results
Dataset
Weconducted a series of 18 experiments, each consisting of 25primary care
consultation transcripts from the PriMock dataset44 For each transcript, we

Fig. 2 | Incidence of hallucinations, their types, the section of the note they appear
in, and clinical risk. The figure illustrates the occurrence of hallucinations in the
generated sentences based on different prompts (a) and their corresponding

percentages (b). It also highlights the type and clinical severity of hallucinations (c)
and the specific sections of the note where they appeared (d).

Fig. 3 | Number of omitted sentences based on
different prompts. The figure illustrates the num-
ber of omitted sentences using different prompts (a)
and their respective percentage (b).
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generated paired clinical documentation using an LLM, resulting in 450
consultation transcript-note pairs. This was a total of 49,590 transcript
sentences and 12,999 clinical note sentences that were manually evaluated
and labelled for any hallucinations or omissions.

Experiments
Our experiments were guided by our framework, which provides a sys-
tematic approach to evaluate LLM outputs quantitatively. Using a baseline
LLM prompt and workflow, we generated 25 transcript-note pairs. We
recruited 50 medical doctors for manual evaluation. For each paired tran-
script-note, we had two clinician reviewers evaluate each sentence in the

clinical note to ensure it was evidenced in the transcript; sentences that were
not evidenced were labelled as hallucinations. We also highlighted each
sentence in the transcript for review, checking if it was present in the output
note if it was clinically relevant; and if not, theywere labelled as an omission.
If the hallucination or omission could change the diagnosis ormanagement
of the patient (if left uncorrected), it was marked as ‘Major’, otherwise, they
would be labelled as ‘minor’. In cases of discrepancy between the two
reviewers, consolidation was performed by a senior clinician with over 20
years of clinical experience.

We additionally identified the specific sections of the notes where the
hallucinations occur (main history, examination, discussion, symptoms
assessment, and plan). The result of each experiment informed our sub-
sequent experiment approach to analyse how prompt/ workflow/ engi-
neering changes affect the hallucinatory potential for clinical note
generation.

All experiments were conducted on CREOLA, our in-house platform,
designed to allow clinicians to identify and label relevant hallucinations and
omissions in clinical text. Using this platform, we were able to implement
our framework to quantify and track changes in our prompts and model
configurations and iteratively modify our approach to ensure the safe
integration of LLM-generated summaries into clinical practice.

Hallucinations
Of 12,999 sentences in 450 clinical notes, 191 sentences had hallucinations
(1.47%), of which 84 sentences (44%) were major (could impact patient
diagnosis and management if left uncorrected). Of the hallucination types,
82 (43%) were fabricated, 56 (30%) were negations, 33 (17%) were con-
textual, and 20 (10%) were related to causality.

Major hallucinations occurred in all sections, but most commonly in
Plan (21%), Assessment (10.5%), and Symptoms (5.2%) sections. Themost
commonhallucination typewere fabrications and primarily appeared in the
planning section of the clinic note (Fig. 2). Examples of the various hallu-
cination types are available in supplementary materials.

Omissions
Of the 49,590 sentences from our consultation transcripts, 1712 sentences
were omitted (3.45%), of which 286 (16.7%) of which were classified as
major and 1426 (83.3%) as minor. Figure 3 shows the number of omissions
and the percentage of omitted sentences based on different prompts.

Grading hallucinations and omissions by clinical safety impact
Inspired by protocols inmedical device certifications, we applied the clinical
safety assessment of our framework described in the methods section. We
classified the clinical risk (Major orMinor) and evaluated the risk severity of
all identifiedmajor hallucinations as depicted in Fig. 4.We also determined

Fig. 4 | Severity of risk in major hallucinations. We assessed the clinical risk
resulting from major hallucinations based on our suggested framework.

Fig. 5 | Hallucination risk assessment.Wehave categorised the clinician severity of hallucination risks based on their type (a) and the section of the clinical notes where they
occurred (b).
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the risk of hallucinations based on their type andwhere in the sentence they
occurred (Fig. 5).

We assessed the clinical risk resulting frommajor hallucinations based
on our suggested framework inspired by protocols in medical device
certifications.

We conducted the risk assessment on the omissions (Fig. 6a) and
detailed thenote section thatwould likelyhave been affected (Fig. 6b).Major
omissions were most common in current issues, followed by PMFS, and
Info and Plan sections (55%, 35%, and 10%, respectively).

Examples of hallucinations and omissions are available in the sup-
plementary materials.

Iterative experiments can significantly reduce hallucination and
omission rates in LLM-generated clinical notes
Through a series of 18 iterative experiments, we tested a combination of
prompting and workflow strategies, including structured prompting, ato-
misation, function calls and JSON-based outputs, an additional LLM revi-
sion step, and templating (SOAP -Subjective, Objective, Assessment, plan-
note), which are explained in more detail in the methods section.

Modifying the prompt from the baseline used in Experiment 1 to
include a style update used in Experiment 8, resulted in a reduction of both
major and minor omissions. Although there was a slight increase in hal-
lucinations in Experiment 8, these were mostly minor. Figure 7 illustrates
the number of hallucinations and omissions recorded in Experiments 1
and 8.

We then compared the outputs using various structured prompts in
Experiments 3 and 8 illustrated in Table 1.

The change in the prompt from Experiments 3 to 8 reduced the inci-
dence ofmajor hallucinations by 75% (from4 to 1),major omissions by 58%
(24 to 10), and minor omissions by 35% (114 to 74) (Fig. 8). By following
structured prompting, including a style update and instructing themodel to
output the status “unknown” for instances where information was missing
from the transcript, we significantly improved performance.

In a subsequent experiment (Experiment 5), we found that incorpor-
ating a chain-of-thought prompt (Table 1, supplementary material), to
extract facts from the transcript—a process referred to as atomisation—
before generating the clinical note, led to an increase inmajor hallucinations
and omissions. Figure 9 shows the comparison between omissions and
hallucinations between this experiment and our base Experiment (Experi-
ment 1).

We also compared the output of Experiment 5 to Experiment 3, which
used structured prompts. We found that major hallucinations increased
from4 to 25,minor hallucinations from5 to 29,major omissions from24 to
47, andminor omissions from114 to 188 (Fig. 10). This result precluded the
new change from being evaluated for clinical safety, as the increase in
hallucinations and omissions was considered too large to be considered
useful.

We found that using prompts with function calling was useful in
ensuring that the outputs adhered to a specific structure required for dif-
ferent electronic health records. Utilising our framework, we iteratively

Fig. 7 | A comparison of omissions and halluci-
nations between Experiment 1 and Experiment 8.
Comparing omissions (a) and hallucinations (b)
using the base prompt from Experiment 1 and the
updated style prompt from Experiment 8. Each
connected dot represents the change in hallucina-
tions or omissions for a given document.

Fig. 6 | Severity of clinical risk formajor omissions
and the section of the clinical note where they
most occurred. This figure illustrates the clinical
risk severity due to major omissions (a) and indi-
cates the sections of the notes where they are most
likely to occur (b).
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improved the performance of the structured notes across several experi-
ments (6, 9, 10, and 11). From the first to the last iteration (Experiments 6 to
11), we made meaningful improvements to the prompts, including
instructions on adherence to subheadings and the addition of awriting style
guidance (e.g., a list of writing rules to follow). Table 2 shows the prompts
used in the four function call experiments.

As a result of these changes, we eliminated major omissions com-
pletely, decreasing them from61 to 0, and reducedminor omissions by 58%,
from 130 to 54. Additionally, we lowered the total number of hallucinations
by 25%, reducing them from 4 to 3 (Fig. 11).

We then examined the two best-performing experiments with the
fewest hallucinations and omissions (Experiments 8 and 11) for the type of

hallucinations they produced and where they were more likely to appear in
the sentence (Fig. 12).

Experiment 11 did not have any major omissions, and the risk
assessment of major omissions for Experiment 8 is shown in Fig. 13.

Discussion
Our study supported that hallucinations and omissions may be intrinsic
theoretical properties of current LLMs9. LLMs can output unfactual or
unfaithful text with high degrees of confidence45 which can be particularly
dangerous in a high-stakes environment such as healthcare.Our framework
quantifies the clinical impact and implications that LLM omissions and
hallucinations may lead to if unchecked or uncorrected; only then can

Table 1 | Prompt changes that led to decreased hallucinations and omissions

Experiment 3 Experiment 8

You are a highly accurate medical office assistant drafting
documentation for a physician.
Every decision you take is life or death and must be 100%
accurate. DO NOT ADD any
content that isn’t specifically mentioned IN THE TRANSCRIPT.
From the attached transcript
generate a clinical note based on the below template format for
the physician to review,
include all the relevant information and do not include any
information that isn’t explicitly
mentioned in the transcript. If nothing is mentioned just return
[NOT MENTIONED].
It is vital that all the information in the note is as accurate as
possible. Avoid repeating the
same information in different sections where possible. Write the
note from the perspective
of the physician. DO NOT add associate or relate causes for
medical conditions unless
explicitly specified by the Physician. See below for a template to
outline the structure of the
output and style preferences to follow.

You are a medical office assistant drafting documentation for a physician. DO NOT ADD any content
that isn’t specifically mentioned IN THE TRANSCRIPT. From the attached transcript generate a SOAP
note basedon the below template format for thephysician to review, include all the relevant information
and do not include any information that isn’t explicitly mentioned in the transcript. If nothing is
mentioned just return [NOT MENTIONED].
It is VITAL that all the information in the note is as accurate as possible. Avoid repeating the same
information in different sections where possible. Write the note from the perspective of the physician.
Only include any section of the template if there is information from the transcript, otherwise omit it.

Template:
Referral Reason/reason for appointment:
History
- Allergies
- Medications
- History of presenting complaint
- Past Medical History
- Family/Social History
- Sensitive information
Observations:
- Examination findings
- Investigation results
- Impression or clinical assessment
Plan:
- Planned investigations
- Follow up
- New prescribed medication or therapies
- Communication, reassurance & patient understanding of care
- Actions for referrer/GP
Clarity:
- Explained medical terms

Template for Clinical SOAP Note Format:
Subjective:
- HPI: [include here any mentioned symptoms, chronological narrative of patients complaints,
information obtained from other sources(always identify source if not the patient).]

- Pastmedical history. [include here all of the patients past conditions, treatments and encounters, also
include relevant social history here including smoking, alcohol, drug use and occupation/travel
history]

- Review of systems [include here any additioinal symptoms in other organs that is relevant to the initial
presentation]

- Current medications [list medicines out each on a seperate line, in a standard format where the
information is mentioned: [DRUG NAME][DRUG DOSE][DRUG FREQUENCY][INDICATION]

Objective:
- Vital signs [including any mentioned blood pressure, pulse rate, oxygen saturation, temperature]
- Physical exam [the examination findings from the physical exam, if mentioned]
- Test Results [include in this section any lab test results or imaging reports] Assessment / ProblemList:
- Assessment: [A one sentence description of the patient and major problem as described >by the
physician, including the diagnosis the physician has identified]

- Problem list: [A numerical list of clinical problems arising from this encounter and active ongoing
medical problems the patient has. Present each problem as [Condition][Status:active/suspected/
confirmed/past/unknown], list each problem on a separate line, leave status as unknown if not
mentioned in the transcript]

Plan:
[include here any management plan mentioned in the transcript, including patient education,
prescriptions, tests, referrals or other plans.]
Follow-up: [include here any plan mentioned to see the patient again, or to be discharged.]

Style preferences:
- Write from the perspective of the physician (first person)
- Be ultra concise
- Use bullet points and broken sentences

Please adhere to the following style guidelines:
- Write from the perspective of the physician (first person)
- Be ultra-concise
- Be ultra-precise, do not use generalising terms
- Be highly detailed
- IncludeALL important negations in the relevant sections (e.g. thepatient has no fever) the clinician has
elicited as well as all positive findings.

- Use bullet points and single words, not sentences.
- Always list medications in a list in the following format for each one: medicine, dose, frequency,
indication

- Always document if drug allergies are present or not
- Examination findings always refer to a physical exam, only include signs here, not symptoms
- Preserve quantities if mentioned in the text
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clinical safety be meaningfully addressed. Once LLM errors are identified
and quantified, we can make iterations on LLM prompts, workflows or
engineering design to reduce or eliminate these errors. By concentrating on
minimising errors that could significantly impact patient care, we can align
LLMs with clinical safety standards and regulations.

To our knowledge, we have conducted the largest manual evaluation
on the task of LLM clinical note generation to date. To implement our
framework at scale we built CREOLA, an in-house platform, designed to
enable clinicians to identify and label relevant hallucinations and omissions
in clinical text and inform future experiments. However, similar publicly
available platforms (e.g. labelbox, explosionAI, autoblocks etc.)may be used
for this task. Experiments within CREOLA can validate or discredit archi-
tectures and prompt approaches in a safe sandbox environment before
clinical deployment.

Our experiment results show that omissions are more common than
hallucinations (3.45% to 1.47%, respectively). However, hallucinations were
muchmore likely to be classified as a “major” error compared to omissions
(44% to 16.7%, respectively). Thismeans that hallucinations aremore likely
to lead to downstream harm and impact clinical care if left uncorrected.
Hallucinations occurred in all sections, but most commonly (20%) in the
Plan section of the clinical note. This is an important finding as this section
often containsdirect instructionsor actions to colleaguesor patients that can
impact clinical safety. The most concerning hallucinations were the nega-
tion type (30% of total hallucinations). These mostly appeared in the
planning section and contradicted what was said during the consultation.
Negation hallucinations can lead to significant confusion and harm, and
without the full context of the consultation, readers may struggle to discern
which negation is true and which is false.

By designingprompts that addressed specific aspects of the notes (base,
template and style), we were able to focus our iterations to achieve the best
results. However, it is important to note that summarisation tasks require
the ablation of certain data from the original text to make it a concise,
relevant, and useful summary artefact. Optimal omission rates depend
significantly on the context, the quality of input and the reviewer receiving
output. Our framework allows us to focus on the clinical impact of omis-
sions and hallucinations quantitatively. Overall, our hallucination rates are
similar to those reported in the literature for generalist tasks46. For the
clinical summarisation task, Experiment 8 achieved 1 major hallucination
and 10 major omissions, whilst experiment 11 achieved 2 major halluci-
nations and 0 major omissions over 25 notes. These results are highly
encouraging, as our iterative experiment process has resulted in fewer errors
per note than those reported in the clinical literature. Moramarco et al.21

reported 3.9 errors and 6.6 omissions per note as produced by a BART
model and 1 error and 4 omissions per human-written note. This
improvement is likely due to the large parameter sizes of modern large
language models in combination with our framework. Although this rate is
subject to change depending on the text and experiment, our results suggest
that we can achieve state-of-the-art, sub-human clinical error rates by
carefully engineering and subsequently validating LLMs to produce safe
outputs.

Our study is limited in several ways. Firstly, the sample size of medical
transcripts used was relatively small; the sample size was chosen to balance
the trade-off of annotation volume required for the comparison of different
experiments against sample size and number of experiments performed.
Additionally, we only evaluated one LLM (GPT-4), selected due to its

Fig. 9 | A comparison of omissions and halluci-
nations between Experiment 1 and Experiment 5.
Comparing omissions (a) and hallucinations (b) in
our base experiment (Experiment 1) with Experi-
ment 5 where the transcript was broken down into
concise facts before being passed to the LLM for note
generation. Each connected dot represents the
change in hallucinations or omissions for a given
document.

Fig. 8 | Comparison of hallucination and omission counts between two experi-
ments, assessing differences in prompt engineering effect on the quality of
outputs. The figure shows the changes in the counts of hallucinations (a) and
omissions (b) between Experiments 3 and 8which have resulted from the changes in
the prompts.

Fig. 10 | Comparison of hallucination and omission counts between two
experiments, assessing the efficacy of a data-extraction intermediate step versus a
normal note-generation step.Thefigure compares the number of hallucinations (a)
and omissions (b) between Experiment 3, where the standard note generation step
was used, and experiment 5, where data extraction was performed before note
generation.
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Table 2 | Prompts used in experiments 6, 9, 10 and 11

Eperiment 6 Experiment 9

Please use the function below to generate a customisedoutput. provide your output
in json format.break
For each parameter value you provide, make sure to include all properties defined in
the schema. If a parameter is an array please try to separate ideas into separate
items.
You are a highly accurate medical officer drafting documentation for a physician.
You will receive a transcript of a medical consultation between a patient and a
clinician. Your task is to identify the patient’s key problems in that encounter, and
then extract information provided to you in the format outlined in a JSONschema for
each individual problem. A problem is a single discrete issue for the patient,
encompassing presenting complaint, associated symptoms, and relevant history -
e.g. shortness of breath, needs new housing, recent bereavement etc.
It is VITAL that you include all properties mentioned in the schema, if there is a field
that is not mentioned in the transcript just write [NOT MENTIONED]. Only include
information strictly mentioned in the transcript. Failure to do so may cause harm to
the patient. DO NOT duplicate information in more than one problem.
Aim to capture all problems mentioned in the transcript into their own array items.

Please use the function below to generate a customisedoutput. provide your output
in json format.
For each parameter value you provide, make sure to include all properties defined in
the schema. If a parameter is an array please try to separate ideas into separate
items.
You are a highly accurate medical officer drafting documentation for a physician.
You will receive a transcript of a medical consultation between a patient and a
clinician. Your task is to identify the patient’s key problems in that encounter, and
then extract information provided to you in the format outlined in a JSONschema for
each individual problem. A problem is a single discrete issue for the patient,
encompassing presenting complaint, associated symptoms, and relevant history -
e.g. shortness of breath, needs new housing, recent bereavement etc.
It is VITAL that you include all properties mentioned in the schema, if there is a field
that is not mentioned in the transcript just write [NOT MENTIONED]. Only include
information strictly mentioned in the transcript. Failure to do so may cause harm to
the patient. DO NOT duplicate information in more than one problem.
For each parameter you provide in the tool call, please adhere to the following style
guidelines:
- Write from the perspective of the physician (first person)
- Be ultra-concise
- Be ultra-precise, do not use generalising terms
- Be highly detailed
- Include ALL important negations in the relevant sections (e.g. the patient has no
fever) the clinician has elicited as well as all positive findings

- Use bullet points and single words, not sentences
- Always list medications in a list in the following format for each one: medicine,
dose, frequency, indication

- Always document if drug allergies are present or not
- Examination findings always refer to a physical exam, only include signs here, not
symptoms

- Preserve quantities if mentioned in the text
- Avoid repeating the same information in different sections where possible

Experiment 10 Experiment 11

Please use the function below to generate a customisedoutput. provide your output
in json format.
For each parameter value you provide, make sure to include all properties defined in
the schema. If a parameter is an array please try to separate ideas into separate
items.
You are a highly accurate medical officer drafting documentation for a physician.
You will receive a transcript of a medical consultation between a patient and a
clinician. Your task is to identify the patients key problems in that encounter, and
then extract information provided to you in the format outlined in a JSONschema for
each individual problem. A problem is a single discrete issue for the patient,
encompassing presenting complaint, associated symptoms, and relevant history -
e.g. shortness of breath, needs new housing, recent bereavement etc.
It is VITAL that you include all properties mentioned in the schema, if there is a field
that is not mentioned in the transcript just write [NOT MENTIONED]. Only include
information strictly mentioned in the transcript. Failure to do so may cause harm to
the patient. DO NOT duplicate information in more than one problem.
For each parameter you provide in the tool call, please adhere to the following style
guidelines:
- Write from the perspective of the physician (first person)
- Be ultra-concise
- Be ultra-precise, do not use generalising terms
- Be highly detailed
- Include ALL important negations in the relevant sections (e.g. the patient has no
fever) the clinician has elicited as well as all positive findings

- Use bullet points and single words, not sentences
- Always list medications in a list in the following format for each one: medicine,
dose, frequency, indication

- Always document if drug allergies are present or not
- Examination findings always refer to a physical exam, only include signs here, not
symptoms

- Preserve quantities if mentioned in the text
- Avoid repeating the same information in different sections where possible

Please use the function below to generate a customisedoutput. provide your output
in JSON format.
For each parameter value you provide, make sure to include all properties defined in
the schema. If a parameter is an array please try
to separate ideas into separate items.
You are a highly accurate medical officer drafting documentation for a physician.
You will receive a transcript of a medical consultation
between a patient and a clinician. Your task is to identify the patients key clinical
problems (the presenting complaint or complaints) in
that encounter, and thenextract informationprovided to you in the format outlined in
a JSON schema for each individual problem. A
problem is a single discrete issue for the patient, encompassing presenting
complaint, associated symptoms, and relevant history -
e.g. shortness of breath, needs new housing, recent bereavement etc.
It is VITAL that you include all properties mentioned in the schema, if there is a field
that is not mentioned in the transcript just write
[NOT MENTIONED]. Only include information strictly mentioned in the transcript.
Failure to do so may cause harm to the patient. DO
NOT duplicate information in more than one problem.
For each parameter you provide in the tool call, please adhere to the following style
guidelines:
- Write from the perspective of the physician (first person)
- Be ultra-concise
- Be ultra-precise, do not use generalising terms
- Be highly detailed
- Include ALL important negations in the relevant sections (e.g. the patient has no
fever) the clinician has elicited as well as all positive findings.

- Use bullet points and single words, not sentences.
- Always list medications in a list in the following format for each one: medicine,
dose, frequency, indication

- Always document if drug allergies are present or not
- Examination findings always refer to a physical exam, only include signs here, not
symptoms

- Preserve quantities if mentioned in the text
- Avoid repeating the same information in different sections where possible.
- Ensure the output only has the headings Description of Problem, History,
Examination and Comments - and no other headings
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established performance in text summarisation at the time of our experi-
ments. The ongoing development and enhancement of open-source large
language models (LLMs) are likely to boost their application in medicine47.
Recently, Zhang et al. reviewed how fine-tuning open-source LLMs such as
PRIMERA, LongT5, and Llama-2 can enhance their ability to summarise
medical evidence effectively48. Furthermore, our experiments use a direct
prompting scheme (Supplementary Data 1). Newer methods such as (but
not limited to) Retrieval-Augmented Generation (RAG)49, Chain of
Thought (CoT)50, or the use of knowledge graphs51 have recently been used
to enhance theperformanceof LLMs. For example, by equippingLLMswith

domain-specific knowledge, RAG enables the models to generate more
precise and pertinent results52,53, whilst CoT generally enhances model
reasoning abilities. A straightforward extension of this work is using this
framework over different experimental configurations, such as using dif-
ferent models or prompting techniques, and comparing the impact on
reported performance to clinical safety metrics.

Finally, using human annotators to evaluate large amounts of data is
expensive and unsustainable. In the long run, the automated evaluation of
model output54 is a consequential future direction which will enable the
scalable assessment of a larger volume of information, with clinicians

Fig. 11 | Number of hallucinations and omissions
in the function call experiments. This figure illus-
trates how the change in prompts within the func-
tion call experiments can change the number of
major and minor hallucinations and omissions in
the output.

Fig. 12 | Clinical risk assessment for hallucinations in experiments 8 and 11. The figures illustrate the type and severity of clinical risk resulting frommajor hallucinations
in Experiments 8 (a) and 11 (c) and the section of the notes they occur (b and d).
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remaining in the loop by “supervising” evaluator models via the inspection
of a sub-sample of the outputs. ‘LLM-as-a-Judge’, which refers to an LLM
tasked with evaluating, scoring, or assessing the quality, correctness, or
appropriateness of outputs, has recently been described55 and its applic-
ability has been discussed56. Utilising the capabilities of LLMs for initial
screening can significantly reduce the time and resource demands on
human evaluators. This can make the CREOLA framework more scalable

and efficient over time. This hybrid approach aligns with ongoing
advancements in AI and has the potential to maintain rigorous oversight
while ensuring scalability.

In this work, we present a framework for the clinical safety assessment
of LLMs in clinical documentation scenarios. Using the CREOLAplatform,
we analyse the impact of prompting techniques on the safety of LLM out-
puts. Our iterative modification process allows us to reach new low hallu-
cination and omission rates - our best-performing experiments outperform
previously reported model and human error rates - facilitating confident
deployment of our solutions to end clinical users. Additionally, CREOLA
provides a sandbox environment which buffers users and patients from
harm in case the iteration leads to higher clinical error rates. The addition of
clinical safetyassessment toprompt evaluation creates a valuable framework
for implementing note summarisation tools in clinical practice.We propose
that our suggested framework, which combines the assessment of halluci-
nations and omissions with an evaluation of their impact on clinical safety,
can serve as a governance and clinical safety assessment template for various
organisations. This approach aims to empower clinicians to become key
stakeholders in the deployment of large LLMs in clinical settings.

Methods
We propose a multi-component framework to evaluate hallucinations and
omissions in clinical documentation generated by LLMs. Central to our
approach is the concept of “clinician in the loop”. Given their expertise,
clinicians are uniquely positioned to identify clinical errors made by the
models, making their involvement essential. A specialised annotation
platform (CREOLA) was developed to facilitate clinician labelling for each
experimental dataset.

Experimental design: Our experiments systematically assessed how
various prompting techniques and workflow structures influenced the
accuracy and reliability of clinical notes derived from primary care con-
sultation transcripts. Typical parameters varied in our experiments included
the complexity and specificity of prompts (suchas the addition of structured
sections, negations, or perspective changes), as well as the number of LLM
calls, such as introducing an additional revision step through a secondary
LLM call. For consistency and reproducibility, we used OpenAI’s GPT-4
(GPT-4-32k-0613), setting the seed to 210, temperature to 0, and a top-p
value of 0.95 to accommodate clinical language complexities.

Table 3 | The likelihood of a hazard occurring

Likelihood Category Interpretation

Very high Certain or almost certain; highly likely to occur

High Not certain but very possible: reasonably expected to
occur in the majority of cases

Medium Possible

Low Could occur but in the great majority of occasions will not

Very low Negligible or nearly negligible possibility of occurring

Table 4 | Guidance for assessing the level of harm

Consequence classification Interpretation Number of patients
affected

Catastrophic Death Multiple

Permanent life-changing incapacity and any condition for which the prognosis is death or permanent life-
changing incapacity, severe injury or severe incapacity fromwhich recovery is not expected in the short term

Multiple

Major Death Single

Permanent life-changing incapacity and any condition for which the prognosis is death or permanent life-
changing incapacity, severe injury or severe incapacity fromwhich recovery is not expected in the short term

Single

Severe injury or severe incapacity from which recovery is expected in the short term Multiple

Severe psychological trauma Multiple

Considerable Severe injury or severe incapacity from which recovery is expected in the short term Single

Severe psychological trauma Single

Minor injury or injuries from which recovery is not expected in the short term Multiple

Significant psychological trauma Multiple

Significant Minor injury or injuries from which recovery is not expected in the short term Single

Significant psychological trauma Single

Minor injury from which recovery is expected in the short term Multiple

Minor psychological upset; inconvenience Multiple

Minor Minor injury from which recovery is expected in the short term; Minor psychological upset; inconvenience;
any negligible severity

Single

Fig. 13 | Assessment of clinical risk resulting from major omissions. The figure
illustrates the clinical risk frommajor omissions in Experiment 8 and the section of
the clinical notes where it has occurred.

https://doi.org/10.1038/s41746-025-01670-7 Article

npj Digital Medicine | ����������(2025)�8:274� 10

www.nature.com/npjdigitalmed


All prompts used are detailed in SupplementaryMaterials, Table 4. To
achieve a meaningful clinical comparison of efficacy and safety in a data-
drivenway, our framework relies on the definition of a ‘baseline’ experiment
against which to compare results. The baseline experiment must use the
same input data points as the new experiment. To clearly attribute an
experiment’s results to a specific change, we aim only to alter one parameter
from the baseline experiment configuration at a time.

We used different methodologies to assess and improve model output
as described below:

Model Improvements: This outlines modifications to individual LLM
calls within our workflow while preserving the same overall structure.
Commonmodifications include the prompt, the model used for the call, or
the model hyperparameters, such as maximum output tokens (Table 1).

Workflow Improvements: We implemented changes to explore new
methods for generating a specific type of output. For instance, in our clinical
note generation based on a transcript, we decided to extract a list of facts
from the transcript before making a single call to the LLM for the final note
(SupplementaryTable 1).We then evaluated how this approach affected the
frequency of hallucinations and omissions (Figs. 9 and 10). Additionally, we
included an extra LLM call in some experiments to improve the quality of
the output (Supplementary Fig. 1).

Clinician vs LLM generated notes: Several members of our clinical
teamwere tasked with creating notes based on consultation transcripts.We
then utilised the framework to identify any hallucinations and omissions in
these notes, which allowed us to compare the clinician-created notes with
those generated by the language model. Results shown in supplementary
Fig. 3, Experiment 17.

Summary of experimental approaches in LLM-based note
summarisation
Our study evaluated various approaches to prompt design and output
structuring for LLM-based clinical notes. The experiments were designed to
iteratively refine the model’s ability to produce accurate, structured, and
clinically relevant summaries. The key methodological approaches across
our 18 experiments are summarised below:

Baselineprompts (Experiments 1and2). Thesewere the initial prompts
we had in our product prior to adopting the framework.We used these as a
benchmark against which the later prompts were compared.

Structured prompts (Experiments 3, 7, 8, and 4). Prompts were
organised into three components: base (context and goal setting), tem-
plate (content and structure), and style (formatting). Experiment 3 was a
customisation experiment to test a new prompt structure (base, template,
style preferences) for generating custom notes based on a transcript.
Experiment 7 introduced a first-person perspective in generated notes.
Experiment 8 refined the style section by incorporating negations and an
“unknown” category for problems not explicitly mentioned in tran-
scripts. Experiment 4 tested an enhancement to the baseline SOAP
(Subjective, Objective, Assessment, Plan) note by improving medication
record representation.

Atomisation (Experiment 5). This method used a chain-of-thought
prompt to extract atomic facts from transcripts to ensure the precise
organisation of clinical details. The approach facilitated structured
extraction, breaking down information into fundamental components.

Function calls & JSON-based output (Experiments 6, 9, 10, 11).
LLMs were instructed to generate responses in structured JSON format
instead of free text. This structured format was optimised for integration
with primary care electronic health record systems. Successive experi-
ments refined style handling, negation accuracy, and clinical specificity,
progressively reducing hallucinations.

Structured prompt+ LLM revision step (Experiments 14and15).We
added a second LLM pass to review and refine outputs based on struc-
tured prompting. Experiment 14 built on Experiment 11 with a revision
step to improve SOAP notes and introduce an “unknown” option for
missing details. Experiment 15 applied this process to a ‘Bad SOAP’ note,
containing hallucinations and omissions, to evaluate how well errors
could be mitigated.

New note generation approach (Experiment 16). A novel template-
driven method was introduced for generating customised outputs.
However, comparison with baseline results (Experiment 8) revealed an
increase in major hallucinations and minor omissions, highlighting
potential trade-offs.

Clinician vs. LLM comparison (Experiment 17). In this experiment,
clinicians manually created notes based on medical transcripts. These
notes were then assessed for hallucinations and omissions, providing a
benchmark against LLM-generated content. Interestingly, findings sug-
gested slightly more hallucinations in clinician-written notes but fewer
omissions, highlighting key differences in human vs. LLM-generated
summaries.

Experiment 18. In this experiment, we assessed the performance of the
notes within the publicly available ACI Bench dataset.

Hallucination and Omission Taxonomy: We follow the conventional
AI literature and taxonomise LLM errors into two types 1) hallucinations,
which are instances of text unsupported by the associated clinical doc-
umentation, and 2) omissions21, which are instances where relevant details
are missed in the supporting evidence. Furthermore, inspired by protocols
in medical device certifications57,58, we categorise errors as either ‘major’ or
‘minor’, wheremajor errors can impact on the diagnosis or themanagement
of the patient if not corrected.

To make our categories more granular, we propose to divide halluci-
nations into four categories: (1) fabrication, occurring when the model
produced information that was not evidenced in the text, (2) negation,
occurring when the model output negates a clinically relevant fact, (3)
causality, occurring when amodel speculates the cause of a given condition
without explicit support from the text, and (4) contextual, occurring when
the model mixes topics otherwise not related to the given context.

In the case of omissions, we further divide them into sections: (1)
current issues, occurring when details about the current presentation were

Table 5 | Calculating the likelihood of an error occurring in the
text output

Per 25 examples Possibility

Very High 22.5 90%

High 15 60%

Medium 7 10-60%

Low 2.5 10%

Very Low 0.5 1%

Fig. 14 | Risk estimation based on the likelihood and consequence of harm
occurrence. This figure illustrates the scoring of clinical risk based on the likelihood
of an incident occurring and the severity of harm it may cause.
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Fig. 15 | The annotation user interface is used to identify hallucinations (a) and
omissions (b) and categorise them into major and minor categories. To facilitate
clinician review, the closest sentence matches (highlighted in yellow) for each por-
tion of the text under review were extracted from the counterpart document. In the

case of hallucinations, portions of text in the note were compared to the consultation
(a), whereas for omissions, portions of the transcript were compared against the
note (b).
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omitted, (2) PMFS (past medical history, medication history, family and
social history), occurring when details about the past medical history,
medications including allergies, family and social history, including drink-
ing and smoking, were omitted, and 3) information and plan: when dis-
cussions and explanations of the condition and management plans were
omitted. Examples of each of the sub-categories are provided in the Sup-
plementary Materials.

Experimental Structure and Annotation Protocol: Here, we define a
process to assess how model parameters affect the model outputs and
clinical safety. To do this, we define “experiments”, which are parametrised
by (1) the number of data points processed by the LLM, (2) the type of data
the LLM will ingest, (3) the model configuration (type of model, random
seed, temperature,…), (4) thepromptused toobtain anLLMoutput, and (5)
the number of clinicianswhichmust review the data point for clinical errors.

Given an experiment configuration,we extractmodel outputs from the
input data and store the results in a database with the associated experiment
metadata. We task annotators to classify whether given sub-sections of the
output contain hallucinations or omissions according to our taxonomy, and
explain in free text the reason for classification. The annotators were
volunteer doctors who were paid £5 per note for annotations. Recognising
the subjectivity inherent in annotation,we require annotation by at least two
clinicians for each input-output pair. This step is followedby a consolidation
step, i.e. a detailed reviewbyour internal teamof senior clinicians, ensuring a
consistent evaluation of all annotations.

Clinical Safety Assessment: Recognising that safety assessment is a
crucial part of using anymedical technology,wedesigned a safety evaluation
framework of the LLMoutputs based on the framework used for evaluating
a medical device57,58. Overall, this assessment involves estimating the like-
lihood of an error happening (Table 3) in conjunction with the potential
impactof the error on the clinical outcome if it does occur. Table 4 shows the
classification of the level of harm, and Fig. 14 presents the estimation of risk
based on the likelihood and consequences of an event.

To maintain consistency in assessing the likelihood of hallucinations
and omissions in each experiment, we created a percentage-basedmetric for
their occurrence across experiments, as detailed in Supplementary data 1.
‘VeryHigh’ likelihood represents scenarioswhere errorswere very common
(>90%), whereas ‘Very Low’ likelihoodwas associatedwith situationswhere
errors were rare (<1%). For the ‘Medium’ likelihood category, which covers
10–60%, we used a broader range to accommodate the output variability
and the understanding that some errors may be less predictable or depend
on context (Table 5).

CREOLA, Clinical Review of LLMs and AI: We combine the experi-
ment design, hallucination and omission taxonomy, and clinical safety
evaluation in a platform we denote CREOLA, short for Clinical Review of
LLMs and A1 (pays tribute to Creola Katherine Johnson59, a pioneering
human computer at NASA. Just as human computers were integral to the
safe landing of Apollo moon missions, clinicians play a vital role in safely
integrating AI technologies into clinical practice).

The platform is used to identify resultant changes in generated clinical
documentation arising from changes to processes in LLM architecture. As
illustrated in the “experimental structure”, these changes could involve—but
are not limited to—the type of model used or prompts used to obtain
outputs. The platform was hosted as a Streamlit web application (https://
creola.tortus.ai/); the annotation user interface is displayed in Fig. 15.

Annotator recruitment: As outlined earlier, our framework requires
annotators to review model outputs. Clinicians are uniquely skilled in cri-
tically assessing the veracity of clinical facts in the text. Therefore, we ask
clinicians to annotate errors for our experiments. Annotators could register
to contribute to the annotation through the CREOLA platform. To ensure
annotators had a good understanding of the process, one-to-one tuitionwas
initially provided by the study team. As the number of annotators grew, a
short online course was developed to explain the annotation process, fol-
lowed by a questionnaire to ensure a comprehensive understanding of the
material. The annotators were only able to participate if they completed the
questionnaire correctly. The annotators could contact the study teams with

any questions through the CREOLA platform in order to ensure any pro-
blems in the platform were dealt with promptly.

Date availability
We have used data from Primock and ACI bench which are publicly
available clinical transcripts and notes (references in the main text)

Code availability
We have added all our prompts used in the supplementary materials of the
article. As explained in the methods section, we used OpenAI’s GPT-4
(GPT-4-32k-0613) as the LLM for all our experiments.
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