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[bookmark: _Toc232088765]Abstract
Clinical documentation is a leading contributor to clinician workload and professional burnout in primary care. Large Language Models (LLMs) offer a route to automate the drafting of structured consultation notes directly from doctor patient dialogue, yet their tendency to fabricate or omit clinical information raises patient safety concerns that remain insufficiently characterised. This project will design and evaluate an LLM pipeline that converts primary care consultation transcripts into structured notes following the Subjective-Objective-Assessment-Plan (SOAP) format. Three approaches: zero-shot prompting, few-shot prompting, and a fine-tuned sequence-to-sequence model, will be compared on two publicly available datasets, MTS-Dialog and PriMock57, using both automatic metrics (ROUGE and BERTScore) and a structured manual analysis of hallucination and omission. The study is deliberately scoped to native English speaker consultations. The anticipated contribution is an empirically grounded account of when and how automated note generation fails, intended to inform the safe and accountable deployment of such systems within the NHS.
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The administrative burden of clinical documentation is now recognised as a structural problem in primary care rather than a peripheral inconvenience. It has been reported that doctors spend on average 52 to 102 minutes per day writing clinical notes from patient encounters [1], and time and motion studies show that physicians spend more of the working day in the electronic health record (EHR) than in face-to-face care, with documentation extending into personal time [2]. This sustained load is associated with reduced time for patients and with clinician burnout.
The research problem addressed here is the gap between the clear clinical demand for automated documentation support and the limited, safety critical understanding of how reliably current language technology can meet it. Recent advances in LLMs make it technically feasible to generate fluent clinical notes from a consultation transcript, adapted LLMs have been reported to match or exceed clinicians on some clinical text summarisation tasks [3], and commercial “ambient” documentation tools are already being piloted across health systems. The motivation for this study is that fluency is not the same as safety, a note that reads well but invents a symptom, or silently omits a red flag finding, can mislead the next clinician who relies on it.
The need for the research is reinforced by early deployment evidence. A multi system study of ambient AI scribes reported a statistically significant fall in clinician burnout after thirty days of use [4], indicating genuine workflow benefit. At the same time, controlled evaluation of LLM generated clinical summaries found that a large proportion contained hallucinations and that almost half omitted clinically relevant information [5]. Together these findings frame the central tension, the technology is useful enough to be adopted, yet unreliable enough to require careful human oversight.
Three shortcomings in the literature motivate the specific design adopted here. First, much published evaluation reports aggregate similarity scores without a structured account of the error types that matter clinically, namely hallucination and omission [5] [6]. Second, comparisons across approaches are often partial, a single prompting strategy or a single fine-tuned model, making the trade-off between accessible prompting and resource intensive fine tuning hard to judge. Third, comparatively little work isolates a single, well-defined population to control linguistic variation. This project responds to all three gaps by combining a systematic three-way comparison with a structured safety analysis, scoped to native English speaker consultations to remove a major confound and define a clear, defensible boundary for the work.




[bookmark: _Toc232088767]Objectives
The purpose of the study is to determine how accurately and safely different LLM approaches can generate structured SOAP notes from primary care consultation transcripts, and to characterise their failure modes. The specific, measurable objectives are:
1. To critically review the state of the art in automated clinical note generation from doctor patient dialogue. Covering datasets, generation methods and evaluation practice, in order to position the study and derive the error taxonomy used in the safety analysis
2. To implement three note generation approaches: zero shot prompting, few shot prompting and a fine-tuned sequence to sequence model.
3. To evaluate all three approaches on a held-out test set using automatic metrics (ROUGE-1, ROUGE-2, ROUGE-L and BERTScore).
4. To analyse error distribution across SOAP sections and discuss the implications for safe, human in the loop deployment in an NHS primary care context.



















[bookmark: _Toc232088768]Research Questions and Hypotheses
The study is guided by three research questions, each verifiable through quantitative or structured qualitative analysis and mapped to the objectives:
· RQ1: How do zero shot prompting, few shot prompting and a fine-tuned sequence to sequence model compare on automatic note quality metrics (ROUGE and BERTScore)?
· RQ2: How do the three approaches differ in the rate and type of hallucinations and omissions, and how are these errors distributed across SOAP sections?
· RQ3: To what extent do automatic metrics agree with the structured safety analysis: that is, does a higher similarity score predict lower clinical risk?
Two working hypotheses follow.
· H1: few shot prompting and fine tuning will both outperform zero shot prompting on automatic metrics, with fine tuning achieving the highest overlap on the in-domain test set
· H2: automatic metrics will correlate only weakly with hallucination and omission rates, demonstrating that similarity scores alone are insufficient evidence of clinical safety.
Both hypotheses are testable using paired statistical comparison and correlation analysis, and map directly onto the research problem of distinguishing fluency from safety.













[bookmark: _Toc232088769]Significance of the Research
The scientific value of completing these objectives lies in producing a like for like comparison of prompting and fine-tuning approaches under a single evaluation protocol that pairs automatic metrics with a structured safety analysis. Automatic similarity scores indicate how closely a generated note resembles a reference but reveal little about clinical risk, a contribution of this work is to make the hallucination and omission behaviour of each approach explicit and comparable.
The practical value is directly relevant to NHS priorities around clinician retention and capacity. If automated documentation can reliably draft notes for clinician review, the time returned to direct care is significant given the documentation load above. Deployment decisions, however, require an honest account of risk. By characterising where errors concentrate for example, whether hallucinations cluster in the Plan section [5], this research can inform targeted human review safeguards rather than blanket distrust of the technology, producing knowledge that is actionable for both system designers and the accountable clinician.
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The relevant literature spans four strands: the documentation burden that motivates automation, the datasets that make research possible, the methods used to generate notes, and the evaluation of those methods: with hallucination emerging as the dominant safety concern.
[bookmark: _Toc232088771]Documentation burden and ambient documentation
The case for automation rests on consistent evidence that documentation consumes a disproportionate share of clinician time. Using EHR event logs and direct observation, Arndt et al. established that primary care physicians spend more time in the EHR than with patients, with notable after-hours work [2]. Recent deployment studies of ambient AI scribes report measurable benefit, including a significant reduction in burnout and improved after hours documentation [4]. The benefit case is therefore reasonably well established: the open question is reliability.
[bookmark: _Toc232088772]Datasets for consultation note generation
Progress has historically been constrained by restricted access to clinical data due to patient privacy [8]. Two public resources directly support this project. MTS-Dialog provides roughly 1,700 short doctor patient dialogues paired with structured note sections and a standard benchmark via the MEDIQA-Chat challenge [1]. PriMock57 provides 57 mock primary care consultations with manual transcripts and clinician notes, though small, it is more realistic in length and structure and is a recognised benchmark [8]. ACI-BENCH extends this space with full ambient style encounters [9]. Using MTS-Dialog for development and PriMock57 as a held out set mirrors established practice and strengthens external validity.
[bookmark: _Toc232088773]Methods for note generation
Approaches have evolved from supervised sequence to sequence summarisation towards prompting of general purpose LLMs, all built on the transformer architecture [10]. Encoder decoder models such as BART [11] remain strong, deployable baselines and can be adapted efficiently with parameter efficient methods such as LoRA [12], attractive where patient data cannot leave a controlled environment. In parallel, adapted LLMs have been shown to perform strongly on clinical summarisation [3], and general LLMs encode substantial clinical knowledge [13]. The comparative trade-off between accessible prompting and resource intensive fine tuning, is rarely evaluated within a single protocol: a gap this project targets directly.
[bookmark: _Toc232088774]Evaluation and the hallucination problem
Automatic metrics dominate reported evaluation: ROUGE measures lexical overlap with a reference [14], while BERTScore captures semantic similarity using contextual embeddings [15]. Both are necessary but insufficient for clinical text, because a high overlap note can still contain a dangerous fabrication. Surveys of hallucination in natural language generation distinguish intrinsic from extrinsic errors, a distinction directly applicable to note generation [16]. The most directly relevant empirical study quantified hallucination and omission in LLM generated encounter summaries and localised errors to specific note sections [5], while structured human evaluation frameworks such as consultation checklists provide a template for manual assessment [7]. Synthesising these strands, the literature establishes both the promise and the risk of automated note generation but leaves a clear gap: a controlled, multi approach comparison that treats hallucination and omission as first class, section level measures. Table 1 summarises representative prior work against the criteria most relevant to this project and locates the research gap.

Table 1 Research gap analysis of representative prior work
	Approach
	Structured SOAP output
	Hallucination / omission analysis
	Classifier / Model
	Methodology
	Dataset
	Templates
	Accuracy / reported metric
	Remarks

	Ben Abacha et al. [1]
	No
	No
	BART, T5 (se2seq)
	Supervised section-based note generation
	MTS-Dialog
	N/A
	ROUGE / BERTScore
	Dataset + baseline. No structured safety analysis.

	Papadopulos Korfiatis et al. [8]
	Yes
	No
	ASR + seq2seq
	Note generation from mock consultations
	PriMock57
	N/A
	Rouge, word error rate
	Realistic data. Safety not quantified.

	Yim et al. [9]
	Yes
	No
	Seq2seq + LLM
	Visit note generation from ambient encounters
	ACI-BENCH
	N/A
	ROUGE / BERTScore
	Richer encounters. Metric only evaluation.

	Van Veen et al. [3]
	Partial
	No
	Adapted LLMs (prompting)
	LLM vs clinician summarisation
	Multiple sets
	Yes
	Human win rate vs expert
	Strong prompting evidence. Not SOAP specific.

	Williams et al. [5]
	Yes
	Yes
	GPT-4 / GPT-3.5
	Clinician annotation of errors by section
	ED encounters
	Yes
	42% hallucination; 47% omission
	Safety focused but single approach. ED only.

	Moramarco [6]; Savkov [7]
	Yes
	Partial
	Evaluation study
	Human evaluation, checklist coding
	Consultation notes
	N/A
	Metric human correlation
	Evaluation frameworks. Not generation methods.

	This project (proposed)
	Yes
	Yes
	Zero / few shot LLM + fine-tuned BART (LoRa)
	Three-way comparison + section level safety taxonomy
	MTS-Dialog + PriMock57
	Yes
	ROUGE, BERTScore + hallucination / omission rates
	Fills gap: structured output, multi approach and safety analysis combined.



[bookmark: _Toc232088775]Research Design and Methodology
The study adopts an experimental, comparative design implemented in Python using the Hugging Face ecosystem. Figure 1 shows the proposed system architecture: the procedure comprises five stages.
[image: ]
Figure 1 Proposed system architecture: from consultation transcript to comparative findings
Data. MTS-Dialog [1] provides approximately 1,700 short doctor patient dialogue note pairs with predefined training, validation and test splits; its volume makes it suitable for fine tuning and few shot exemplar selection, and its association with the MEDIQA-Chat benchmark allows direct comparison with published baselines. PriMock57 [8] provides 57 full length mock primary care consultations conducted by seven clinicians over five days, with manual utterance level transcripts and the consulting clinicians’ own notes, its realism in length, turn-taking and disfluency makes it a demanding out of domain test set, reserved untouched for final evaluation. Table 2 summarises both datasets.
Table 2 Summary of both datasets
	Feature
	MTS-Dialog [1]
	PriMock57 [8]

	Size
	1700 dialogue note pairs
	57 full mock consultations

	Nature
	Short, topic focused doctor patient exchanges derived from public clinical material
	Realistic acted primary care consultations (7 clinicians over 5 days)

	Input
	Dialogue snippet
	Manual utterance level transcript

	Reference output
	Section annotated clinical note text
	Clinical written consultation note

	Splits
	Predefined train / validation / test
	None, used in full as held out test set

	Role in this study
	Development, few shot exemplar selection and fine tuning
	Out of domain final evaluation




Preprocessing. The following techniques are applied. Unicode and whitespace normalisation removes encoding artefacts; empty or malformed records are dropped. Dialogues are formatted into a consistent speaker turn layout (Doctor: / Patient:); for PriMock57 this includes converting the utterance level TextGrid files into collated transcripts using the dataset’s published conversion scripts. Heterogeneous note headers are mapped onto a common SOAP aligned schema so that all reference notes share one structure. Finally, inputs are tokenised with each model’s own tokenizer and truncated to the model maximum (1,024 tokens for BART), with truncation rates recorded and reported. The predefined MTS-Dialog split is preserved to avoid data leakage and to retain comparability with the benchmark.
Model approaches. Three approaches are implemented under identical input conditions. (1) Zero shot prompting of an instruction tuned, decoder only LLM given a fixed instruction describing the SOAP format; this establishes what off the shelf models achieve with no task specific data and represents the most accessible deployment route, exploiting the instruction, following abilities of large autoregressive models [18]. (2) Few shot prompting of the same LLM with k = 3 curated transcript note exemplars placed in the context window, using in context learning [18] to condition output structure and style without any parameter updates; exemplars are selected from the MTS-Dialog training split for coverage of common presentation types. (3) A fine-tuned sequence to sequence model: BART-large [11] (≈406 million parameters, encoder–decoder architecture) adapted with LoRA [12], in which low rank adapter matrices (rank r = 8–16) are injected into the attention projection layers while the base weights remain frozen, so that well under 1% of parameters are trained. BART is selected on three grounds: its denoising pre training objective is directly matched to abstractive summarisation; it is an established strong baseline on MTS-Dialog itself [1], enabling comparison with published results; and at this scale it can be trained on a single free GPU and deployed locally, a privacy preserving configuration directly relevant to NHS settings, where patient data cannot be sent to external APIs. Decoding settings (beam size, maximum generation length) are held constant across all three approaches so that observed differences reflect the approach rather than generation hyperparameters.
Automatic evaluation. All approaches are scored on the held-out set using ROUGE [14] and BERTScore [15]. ROUGE-N measures the n-gram recall between a candidate note C and its reference R: ROUGE-N = Σ gram_n∈R Count_match(gram_n) / Σ gram_n∈R Count(gram_n), where Count_match is the number of n-grams co-occurring in C and R. ROUGE-1 (unigrams) captures coverage of individual content words, while ROUGE-2 (bigrams) is sensitive to local word order and fluency. ROUGE-L instead uses the longest common subsequence (LCS): R_LCS = LCS(C, R) / |R|, P_LCS = LCS(C, R) / |C|, and F_LCS = (1 + β²) · R_LCS · P_LCS / (R_LCS + β² · P_LCS), which rewards in order sentence level structure without requiring contiguous matches. Because all ROUGE variants depend on exact lexical overlap, they under credit valid paraphrases; BERTScore [15] addresses this by embedding every token with a contextual encoder [17] and matching on meaning: recall is R_BERT = (1/|R|) Σ x∈R max y∈C x⊤y, the average over reference tokens of the maximum cosine similarity to any candidate token, with precision defined symmetrically over C and F1 as their harmonic mean. Differences between approaches are tested for statistical significance using paired tests and reported with confidence intervals.
Structured safety analysis. A stratified sample of generated notes is manually annotated against a purpose-built taxonomy adapted from [5] and the checklist approach of [7], coding each error as an inaccuracy, hallucination or omission and recording the SOAP section in which it occurs. A second annotator independently codes a subset so inter annotator agreement can be reported; a clinically trained reviewer adjudicates where clinical judgement is required.
Synthesis. Finally, the correlation between automatic scores and the safety analysis is examined to address RQ3. The comparative experiment isolates method effects, while the structured annotation captures the clinically meaningful failure modes that automatic metrics miss.






















[bookmark: _Toc232088776]Timeline with Professional Practice
The project is planned over four months and delivered through independent, professionally managed work, with milestones aligned to supervisory checkpoints. The Gantt chart below maps the core tasks to the available months; shaded cells indicate active periods. Early effort concentrates on data and the baseline pipeline so that an end-to-end system exists before the more demanding fine-tuning and safety analysis phases, de risking the timeline and leaving the final month for write up, review and submission.
	Task / Month
	M1
	M2
	M3
	M4

	Literature review & proposal refinement
	■
	
	
	

	Confirm ethics scope & data access
	■
	
	
	

	Data acquisition & preprocessing
	■
	■
	
	

	Baseline pipeline (zero shot prompting)
	
	■
	
	

	Few shot prompting development
	
	■
	■
	

	Fine-tuning sequence to sequence model
	
	
	■
	

	Automatic evaluation (ROUGE, BERTScore)
	
	
	■
	

	Manual hallucination & omission analysis
	
	
	■
	■

	Dissertation write up
	
	
	■
	■

	Final review, formatting & submission
	
	
	
	■


Figure 2 Gantt chart of project tasks across the four month period
[bookmark: _Toc232088777]Expected Findings
The study is expected to produce three consistent sets of findings: each tied to a research question. First, on automatic metrics (RQ1, H1), few shot prompting and the fine-tuned model are both anticipated to improve substantially over zero shot prompting, with the fine-tuned model achieving the strongest lexical overlap on the in-domain MTS-Dialog test set while prompting based LLMs may transfer more robustly to the out of domain PriMock57 set. This would mirror the broader finding that adapted models perform strongly on clinical summarisation [3] while highlighting a domain shift trade-off of practical relevance.
Second, on the structured safety analysis (RQ2), all approaches are expected to exhibit nontrivial rates of hallucination and omission that are not uniformly distributed: in line with [5], hallucinations are anticipated to concentrate in the Plan section and omissions in history or examination content. A plausible secondary expectation is that the fine-tuned model, while scoring well on overlap, may be more prone to certain hallucinations than a well prompted LLM, illustrating that metric performance and safety can diverge.
Third, and most consequentially (RQ3, H2), the study is expected to show only weak correlation between automatic similarity scores and the safety analysis, providing direct evidence that ROUGE and BERTScore alone are inadequate indicators of clinical reliability. Taken together, these findings would deliver an actionable conclusion: that automated note generation is promising enough to warrant adoption but must be paired with section aware, human in the loop review concentrated where errors are most likely, consistent with the objectives and directly relevant to safe NHS deployment, and a foundation for future work extending the analysis to audio input and more linguistically diverse populations.












[bookmark: _Toc232088778]Research Limitations
Several limitations follow from the design. The principal one is the scope restriction to native English speaker consultations: this controls a major source of linguistic variation and yields cleaner comparison, but the results will not generalise to speakers of English as an additional language, whose hedging patterns and vocabulary may affect performance. A further design limitation is dataset realism: MTS-Dialog dialogues are short and PriMock57 consultations are mocked rather than real [1], [8]: so absolute performance may differ from live conditions, although relative comparison between approaches remains informative.
Methodologically, the manual safety analysis is resource bounded and relies on a sampled subset rather than exhaustive annotation, introducing sampling uncertainty reported through inter annotator agreement and confidence intervals. Reliance on a clinically trained reviewer is a constraint on availability. Finally, because the study works only from text transcripts and not audio, it does not capture errors that an automatic speech recognition front end would introduce in a deployed system: this is acknowledged as a boundary of the work and a direction for future research.
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