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Investigating Bias in Mental Health Clinical Notes
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Richard Dobson1,3

1Department of Biostatistics & Health Informatics, King’s College London, UK
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1 Introduction

Clinical notes are central to mental health care. In psychiatry especially, where diagnosis and

care planning rely heavily on narrative interpretation, clinical documentation plays a decisive

role in shaping patient trajectories. However, clinical notes may also reflect implicit biases held

by healthcare providers or embedded within institutional practices. Subtle linguistic framing,

differential documentation detail, or assumptions about patient behavior may contribute to dis-

parities in diagnoses, treatment decisions, and patient outcomes [1, 2].

Prior research has demonstrated racial bias in Electronic Health Records (EHR) documenta-

tion, including disproportionate use of negative descriptors for Black patients [3] and systematic

linguistic differences associated with gender and ethnicity [4]. Longstanding evidence also high-

lights racial and ethnic disparities in emergency and psychiatric care delivery [5]. Similarly,

individuals diagnosed with Severe Mental Illness (SMI) may receive documentation that em-

phasizes chronicity, dangerousness, or reduced capacity in ways that differ systematically from

non-SMI patients [6].

Beyond documentation practices, psychiatric diagnostic processes themselves may reflect

structural and implicit bias. Multiple studies have shown that Black patients in the United States

and the United Kingdom are disproportionately diagnosed with schizophrenia and other psy-

chotic disorders compared to White patients, even when presenting with comparable affective

symptoms [7, 8]. Such findings raise important questions about whether diagnostic disparities

reflect true differences in prevalence or differential interpretation and labeling of similar symp-

tom presentations.

Accordingly, this project hypothesizes that disparities may be observable not only in linguis-

tic framing but also in diagnostic distributions and diagnostic justification within mental health

notes. Specifically, we will examine whether certain demographic groups are more likely to

receive SMI diagnoses, or particular diagnostic labels, after accounting for documented symp-

toms and clinical severity indicators. This project therefore aims to systematically identify and

*These authors contributed equally.
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characterize implicit biases present in unstructured mental health clinical notes within the Clini-

cal Record Interactive Search (CRIS) database [9], examining both documentation practices and

diagnostic patterns across gender, race, and SMI status.

2 Methods and Data

We will analyze unstructured clinical notes drawn from the CRIS database, a repository of de-

identified mental health records from the UK National Health Service. The study cohort com-

prises patients with their first-ever accepted referral to SLAM in 2024 who received a primary

SMI diagnosis during that referral, defined by ICD-10 codes F2* (schizophrenia spectrum disor-

ders), F30 (manic episode), or F31 (bipolar affective disorder). Patient records are stratified by

gender, SMI diagnosis, and race/ethnicity.

Our approach combines natural language processing (NLP) and bias-probing prediction model-

ing:

1. Feature Extraction:

• Linguistic tone and sentiment: evaluative descriptors, affective language, risk-focused

framing

• Negative descriptors: e.g., non-compliant, guarded, dramatic, manipulative

• Topic and phrase distributions to detect recurring themes across demographic and

diagnostic groups

2. Bias-Probing Prediction Modeling:

• A classifier is trained to predict SMI diagnosis

• The same note is tested under different demographic labels. If predicted outcomes

differ (e.g., SMI for a Black patient vs. non-SMI for a White patient with identical

notes), this reveals systematic bias influencing diagnostic perception

3. Analysis:

• Comparison of linguistic features, note length, and negative descriptors across demo-

graphic groups

• Intersectional analysis of gender × race × SMI status to detect compound bias

• Adjustment for confounders including documented symptom severity, age, and care

setting

3 Results

Preliminary qualitative assessment demonstrates that our methods enable effective identification

and contextualization of potential biases in clinical notes. The combination of NLP-based fea-

ture extraction and bias-probing predictive modeling has the potential to provide insights into

2
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how language and documentation patterns vary across demographic and diagnostic groups. In-

tersectional analysis allows for detection of compound biases, and continued work will quantify

these patterns using statistical metrics of prevalence and impact.

4 Conclusion

This study aims to systematically investigate implicit bias in mental health clinical notes, fo-

cusing on both linguistic framing and diagnostic interpretation. By combining textual analysis

with bias-probing predictive modeling, it provides a framework for quantifying how documen-

tation patterns may differ across gender, race, and SMI status. The anticipated outcomes of this

work include supporting clinician awareness and training programs addressing implicit bias and

guiding the development of NLP tools to monitor and mitigate biased language.

5 Study context

This paper represents independent research part funded by the National Institute for Health Re-

search (NIHR) Biomedical Research Centre at South London and Maudsley NHS Foundation

Trust and Kings College London. No conflict of interest declared.
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Introduction 

Clinical natural language processing (NLP) can unlock valuable information from 
unstructured electronic health records, but translation to clinical practice remains challenging 
due to limited access to diverse, representative and expertly annotated datasets. Most 
publicly available clinical text datasets originate from US healthcare systems and/or single 
institutions (e.g. [1,2]), limiting their utility for developing robust and generalisable NLP 
systems. 

We present GS-BrainText, a curated dataset of 8,511 brain radiology reports from the 
Generation Scotland cohort, of which 2,431 are expertly annotated for 24 brain disease 
phenotypes. This multi-site dataset spans five Scottish NHS health boards and includes 
broad age representation (mean age 58, median age 53), making it valuable for developing 
and evaluating generalisable clinical NLP algorithms. 

Generation Scotland is a population-based health study of approximately 24,000 participants 
[3-5], established to investigate genetic and environmental contributions to common 
diseases, with participants consenting to health record linkage, including radiology reports 
across multiple NHS health boards.1 GS-BrainText draws on brain imaging reports (CT and 
MRI) for this cohort, authored by consultant radiologists from 1994 to 2021 and ranging from 
a few to 602 words (mean: 82 words). 

Methods and Data 

Data Collection and Curation: Reports were acquired via established data linkage 
protocols from NHS Fife, Lothian, Greater Glasgow and Clyde (GGC), Grampian and 
Tayside. Our in-house NLP pipeline, EdIE-R, converted raw CSV data into a structured XML 
format, automatically identifying sections such as clinical history and report body [6,7]. The 
final corpus consists of 8,511 reports (4,362 CT; 3,966 MRI). 

Annotation Schema: Expert annotations created for a subset of 2,432 reports (CT: 1,487, 
MRI: 944) for scans spanning 1994-2021 by a multidisciplinary clinical team using a 
comprehensive annotation schema developed with neurologists and radiologists and using 

 

1 Generation Scotland now also includes an additional 17,000 participants from across the whole of Scotland  
(NextGenScot), including participants who are younger and from more health boards. Their data is not included 
in GS-BrainText. 
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the BRAT tool [8]. This schema comprises text-level annotations (named entities, location 
and temporal modifiers), attributes (negation), relations and document-level phenotype 
labels. The 24 phenotypes include stroke-related labels (covering ischaemic and 
haemorrhagic stroke subtypes by location and timing), tumour-related labels (including 
meningioma, metastasis, glioma) and other neurological findings (including small vessel 
disease, atrophy, subdural haematoma, subarachnoid haemorrhage, microbleeds and 
haemorrhagic transformation). 

Quality Assurance (QA): Rigorous QA included 10-100% double-annotation (depending on 
the health board) and regular consensus meetings. Inter-annotator agreement (IAA) reached 
F1-scores of 83.74 to 95.65, indicating high reliability in the gold standard labels. 

Results 

The phenotype distribution reflects population-based epidemiology, with small vessel 
disease (n=545) and atrophy (n=441) being most common and other clinically important 
phenotypes remaining (microbleeds n=12, haemorrhagic transformation n=10, gliomas n=8). 
The dataset shows substantial variation in phenotype frequencies across health boards, 
reflecting different patient populations and clinical practices. 

We evaluated the EdIE-R system (a rule-based NLP pipeline) against the GS-BrainText 
document-level gold standard annotation to establish a performance baseline as a starting 
point for future benchmarking using state-of-the-art NLP models. Components of EdIE-R 
have been previously evaluated on stroke register and routine brain imaging data [9,10], 
providing confidence in its suitability as a baseline for this task. 

EdIE-R performance achieved 88.82 micro-averaged F1 and > 95 F1 for high-frequency 
phenotypes, though it dropped significantly for rare conditions. Performance varied across 
NHS boards (F1: 86.13-98.13) and improved with patient age (F1: 77.6 for <50 vs. 91.7 for 
70+), demonstrating the influence of local reporting conventions and age-specific linguistic 
variation. Notably, reports for younger patients tend to contain more hedged or uncertain 
language, which presents a particular challenge for current NLP systems [11] and avenues 
for future work. 

Conclusion 

GS-BrainText addresses a significant gap in UK clinical text resources, providing the first 
multi-site, expertly annotated brain imaging report dataset for UK healthcare contexts. Unlike 
recent large-scale brain imaging datasets relying on LLM-generated or NLP-system output 
labels [12,13], it offers gold standard expert annotations suitable for rigorous NLP 
development and evaluation, enabling investigation of linguistic variation (including 
diagnostic uncertainty expression), multi-site generalisation challenges and the impact of 
data characteristics on system performance. 
 
Our EdIE-R baseline demonstrates that well-engineered rule-based approaches can achieve 
competitive performance on clinical phenotyping tasks while delivering interpretable 
predictions. It also reveals that even within a single national system, linguistic variation 
across sites and patient demographics poses challenges to out-of-the-box deployment. 
Organisations adopting NLP tools should therefore conduct local validation before 
deployment and monitor performance across demographic and clinical subgroups. Available 
via Generation Scotland's controlled access process, GS-BrainText serves as a vital 
resource for developing the robust, generalisable and explainable NLP tools that clinical 
practice demands. Looking ahead, Generation Scotland's multi-omics and deep phenotyping 
linkage opens opportunities for multimodal research that extends beyond clinical NLP.  
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Study context 

Ethics & Approvals: This research was conducted under ethical approvals for the 
Generation Scotland cohort. GS has ethical approval for the SFHS study (reference number 
05/S1401/89) and 21CGH study (reference number 06/S1401/27) and both studies are now 
part of a Research Tissue Bank (reference 20-ES-0021). Ethical approval for the GS:SFHS 
study was obtained from the Tayside Committee on Medical Research Ethics (on behalf of 
the National Health Service). Ethical approval for the GS:21CGH study was obtained from 
the Scotland A Research Ethics Committee. Patients/participants provided their written 
informed consent to participate in this study. 

Stakeholder Involvement: GS-BrainText was created by a multidisciplinary clinical and 
technical NLP team.  The Edinburgh Clinical NLP Group conducted PPIE work, engaging 
patient representatives on the use of clinical free-text data in AI-driven health research, data 
sensitivity and sharing as part of the Advanced Care Research Centre. 

Data Availability: GS-BrainText will be made available upon publication via controlled 
access through the Generation Scotland website: https://www.ed.ac.uk/generation-
scotland/for-researchers/access.  

Acknowledgements: We thank the Generation Scotland participants and the Generation 
Scotland team. We also thank the annotators (Liam Lee, Michael Walsh, Freya Pellie, Karen 
Ferguson and William Whiteley) of GS-BrainText. 

Funding: Generation Scotland received core support from the Chief Scientist Office of the 
Scottish Government Health Directorates (CZD/16/6) and the Scottish Funding Council 
(HR03006) and is currently supported by the Wellcome Trust (216767/Z/19/Z). 

Individual authors (see initials in brackets) were supported by: 
• Turing Fellowships (B.A. and C.G.) and a Turing project (B.A. and A.C.) funded by 

the Alan Turing Institute (EPSRC grant EP/N510129/1) 
• Legal & General Group as part of the Advanced Care Research Centre (B.A. and 

A.C.) 
• The AIM-CISC project funded by the National Institute for Health Research 

(NIHR202639; B.A.) 
• An MRC Clinician Scientist Award (G0902303; W.W.) 
• A Scottish Senior Clinical Fellowship (CAF/17/01; W.W.) 

The funders had no role in the conduct of the study, interpretation or the decision to submit 
for publication. The views expressed are those of the authors and not necessarily those of 
the funders. 
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Predicting Systematic Review Conclusion Change
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1 Introduction

Systematic reviews (SRs) synthesise the best available evidence on clinical questions to underpin

treatment guidelines and health policy [1]. With nearly 80 SRs published per day [2] and 1.5

million PubMed articles indexed annually [3], keeping them current is critical but challenging [4].

A survival analysis found roughly a quarter need updating within two years [5].

A small number of studies have explored predicting when a SR’s conclusion is likely to

change using machine learning [6, 7]. Bashir et al. [7] used a rule-based approach to extract

numerical features (coverage score, search-date gap, trial and participant counts) from Cochrane

reviews1 and their updates; their best approach (a random forest classifier) reached 80.8% accu-

racy. Coverage score, their most predictive feature, is retrospective: it requires participant counts

from the completed update, limiting prospective use.

This study augments structured metadata with biomedical language model representations,

and evaluates on a substantially larger dataset (3,326 pairs vs 256). Our results demonstrate that

biomedical text embeddings capturing the relationship between a review and its newly identified

publications, combined with structured metadata, can effectively distinguish reviews in which

conclusions will change from those that will remain unaltered. We frame this as a binary classi-

fication task: given an original review and the abstracts of its candidate new publications, predict

whether the conclusion of the updated review will differ from the original.

2 Methods and Data

We extracted consecutive version pairs from Cochrane intervention reviews (1995–2021), yield-

ing 3,326 pairs from 2,485 unique reviews across 52 clinical domains. 38% of the pairs had

changed conclusions, identified by analysing the structured ’What’s New’ event codes, supple-

mented by the text-classification rules of Bashir et al. [7] for ambiguous codes (e.g., UPDATE

or AMENDMENT). The pairs were split into training and test sets (80/20) at the review level to

ensure no review appeared in both sets. Reference list comparisons between versions identified

new publications in the updated version.

1Cochrane is an international evidence-synthesis organisation publishing structured systematic reviews. https:

//www.cochranelibrary.com/about/about-cochrane-reviews

1
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Four feature groups were computed from each review–update pair, using only the original

review and the abstracts of its candidate new publications as input:

Semantic proximity: BioLinkBERT [8] vectors for the review and each relevant new publica-

tion, their element-wise difference, and cosine similarity.

Evidence volume: Relevant new publication counts, participant numbers reported in relevant

new publication abstracts, and the time gap between the original review’s last search date and the

most recent new publication year.

Directional consistency: SciBERT-based natural language inference scores classifying each new

publication’s relationship with the review as consistent or inconsistent.

Outcome overlap: Lexical and embedding-based similarity between stated review outcomes

and new abstract content.

We used abstracts only, as they are consistently available unlike full text. Features are com-

bined using a stacking ensemble (logistic regression, random forest, and SVM base learners;

logistic regression meta-learner) with cost-sensitive weighting and 5-fold group cross-validation.

3 Results

We re-implemented the feature extraction of Bashir et al. [7] and trained a random forest with

their reported hyperparameters on our dataset, using the same review-level split described in

Section 2. Table 1 shows held-out test set (n = 678) performance.

Table 1: Test set performance. NPV = negative predictive value.

Model Acc F1 Recall NPV AUC-ROC

Baseline: Bashir et al. [7] 59.0 58.5 59.7 71.1 0.64

Our ensemble 70.4 69.5 70.4 79.5 0.76

Our ensemble approach achieves 70.4% accuracy and 0.76 AUC-ROC, representing substan-

tial improvements over the baseline (59.0% and 0.64 respectively). The 80% NPV means the

model is correct roughly four in five times when it predicts a review’s conclusions will remain

unchanged, which is particularly relevant for editorial triage where confidently identifying stable

reviews reduces unnecessary update effort.

Feature ablation showed that biomedical embeddings were the most informative group (−4.1%

when removed), while entailment features added nothing, suggesting embeddings already cap-

ture contradiction signals.

4 Conclusion

These results show that text and metadata carry enough signal to anticipate conclusion change;

in practice, candidate new publications would be identified through routine search and screening,

supporting editorial triage. The model was tested entirely on Cochrane reviews; future work in-

cludes temporal validation, generalisability testing on non-Cochrane reviews, and large language

model integration.

2
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5 Study Context

Review data were accessed under a data sharing agreement with the Cochrane Library. We

gratefully acknowledge the Cochrane Library for providing access to this data.

Only published metadata and openly available PubMed abstracts were used; no patient data

were involved and ethical approval was not required. No competing interests exist for either

author. Since we worked only with published review data, patient and public involvement did

not arise. No specific funding was received for this work.
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1 Introduction

Extracting structured clinical information from electronic health records (EHRs) at scale remains

a significant challenge [1]. Large language models (LLMs) have shown capability in medical

knowledge tasks [2], yet their reliability in extracting clinical information from real-world docu-

mentation relative to medical professionals is not well established [3]. This is relevant for ENT,

hearing and balance conditions, where deep phenotyping is needed for precision therapeutics

[4, 5] but remains under-utilised. Building on prior work using simpler neural networks for ENT

information extraction [6], we present a systematic evaluation of seven LLMs against fourteen

medical professionals in extracting SNOMED-CT coded clinical information from ENT EHRs,

using inter-rater reliability metrics and Bayesian non-inferiority testing.

2 Methods and Data

We conducted a cross-sectional study using 98 ENT EHRs from MTSamples, a publicly avail-

able clinical documentation resource that may not capture the full variability of real-world EHRs

across healthcare systems. Fourteen qualified doctors with ENT experience independently ex-

tracted seven categories of clinical information (socio-demographics, signs, symptoms, diag-

noses, treatments, risk factors, and test results). Documents were distributed using a modified

Hungarian algorithm to maximise annotator pair diversity, with each document reviewed by at

least two independent professionals.

Seven LLMs were evaluated: three proprietary (GPT-4o, Claude 3.5 Sonnet, Gemini 1.5

Pro), three open-source (LLAMA 3.1 405B, 70B, 8B), and one locally deployable (Gemma

3 12B). All used a standardised chain-of-thought prompting strategy with one-shot learning.

SNOMED-CT code assignment was enforced for both human and LLM annotators. Inter-rater

reliability was assessed using Cohen’s Kappa for medic-medic (M-M), medic-LLM (M-L), and

LLM-LLM (L-L) pairings. Bayesian hierarchical modelling with Beta-distributed likelihoods

and weakly informative priors formally tested non-inferiority of M-L relative to M-M agree-

ment at margins of δ = 0.05, 0.10, and 0.15. Classification performance was evaluated using

medical professionals’ annotations as ground truth. All code and data are available at https:

//github.com/evidENT-AI/LLM-EHR-IRR.git.

1
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3 Results

Cohen’s Kappa was 0.752 (95% CI: 0.710–0.794) for M-M, 0.795 for L-L, and 0.391 (95% CI:

0.362–0.420) for M-L pairs. Bayesian analysis estimated posterior mean agreement of 0.813

(95% CI: 0.755–0.860) for M-M and 0.659 (95% CI: 0.633–0.684) for M-L, a difference of

0.154 (95% CI: 0.091–0.209; Figure 1a). Non-inferiority was rejected at all margins (P (M-L ≥

M-M − δ): 0.002, 0.045, 0.430 for δ = 0.05, 0.10, 0.15).

Figure 1: (a) Posterior distributions of Cohen’s Kappa for M-M (red) and M-L (green) agreement. (b)

Category-specific Kappa differences (M-L minus M-M) with 95% credible intervals.

Agreement varied by category (Figure 1b), with differences ranging from −0.035 (test re-

sults) to −0.099 (diagnoses).

Figure 2: (a) Mean M-L Cohen’s Kappa by clinical category. (b) GPT-4o accuracy by clinical category

(diamonds = mean; circles = per-EHR values).

Non-inferiority at δ = 0.10 was achieved only for treatments and test results. Error analysis

of GPT-4o across 13,656 annotations showed 97.0% precision, 84.9% recall, and a 7.5% false

positive rate, varying by category (Figure 2b). Treatments showed the highest M-L agreement

(κ = 0.595; Figure 2a) and signs the lowest (κ = 0.237). LLMs extracted more entities per EHR

than professionals, particularly for risk factors (7.33 vs 1.01 per EHR).

4 Conclusion

Current LLMs do not achieve inter-rater reliability comparable to medical professionals when

extracting SNOMED-coded clinical information from ENT EHRs, as formally demonstrated by

Bayesian non-inferiority testing. However, high precision (97.0%) with moderate recall (84.9%)

suggests LLMs are well suited for augmentative roles with subsequent human verification. Their

tendency to extract more entities than clinicians, particularly for risk factors, indicates potential

to complement human expertise by capturing information that clinicians de-prioritise. Two lim-

itations should be noted: MTSamples may not reflect the variability of real-world EHRs across

2
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healthcare systems, limiting external generalisability; and detailed error analysis was restricted

to GPT-4o, with future work extending this across all evaluated models to characterise model-

specific failure modes. These results provide evidence-based guidance for LLM deployment in

clinical documentation workflows.
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Introduction 

Liver transplantation is a complex, life-saving procedure for end-stage liver disease. Donor organs are 
in short supply globally and outcomes following transplant are highly sensitive to donor, recipient and 
surgical factors. Most countries record data about liver transplants in national registries, to monitor 
outcomes and for research, to maximise the utility of this constrained, life-saving resource. 

These registries typically only record high level structured information such as survival and patient co-
morbidities. They fail to capture the wealth of data contained in free-text health records from both 
recipient and donor, for example, immunosuppressive complications in clinic letters or vascular flow 
rates in ultrasound scan reports, despite these factors being key drivers of survival [1]. 

Natural language processing (NLP) has become popularized in healthcare in recent years, however, 
there has been little adoption in transplantation and limited effort in creating harmonized multicentre 
datasets from electronic health records (EHRs) with NLP concepts. 

In this project, we aim to harmonize liver transplant EHR data, both structured and concepts extracted 
from unstructured data, into a standardized data warehouse that can be adopted as a blueprint in 
transplant centres nationally and worldwide. To our knowledge, this would the only such registry 
worldwide and this novel granular data will allow prediction of outcomes and discovery of new insights 
on a scale not possible with current registries. 

Methods and Data 

Data Source 

Liver transplant data was sourced from EHR records at King’s College Hospital, UK (KCH)- one of 
highest volume programmes in Europe, from 1988 to present. Donor information was retrieved from the 
NHS Blood and Transplant registry. 

Data was ingested into the CogStack AI data lake instance (based on Elastic, Elasticsearch B.V, 
Amsterdam, Netherlands) on the KCH network [2]. 

Data Mapping 

A multidisciplinary team of surgeons, hepatologists and intensive care physicians was convened to 
identify relevant concepts to extract from EHRs including structured concepts and concepts to be 
extracted from unstructured clinical notes. 

These concepts were mapped to Observational Medical Outcomes Partnership (OMOP) Concept IDs, 
or to new custom Concept IDs where none were found.  

Natural Language Processing 

A sample of documents for each document type (e.g. imaging report, clinic letter) was annotated with 
pre-defined concepts of interest by a clinician. These sample were then split training and test sets and 
used to finetune pretrained models including MedCAT, BERT and GliNER. The best performing models 
with F1 scores >0.8 and low false positive rates were selected. 

Transformation to Common Data Model 

The final registry is to be built in the OMOP Common Data Model version 5.4. This is in the form of a 
recipient-centric relational database [3]. As transplant data is not represented adequately in the base 
model, we developed a custom Transplant extension table, which records each graft as a row, and 
donor and graft variables as columns, the recipient ID acts as a foreign key to allow linking to the 
recipient data. This solution allows use of existing OMOP software for analysis while maintaining ease 
of analysis for donor and graft concepts. 
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The search query to identify documents in the data lake, transformation to the final tables and columns, 
mapping to OMOP Concept IDs, NLP model parameters and metrics were all described in the LinkML 
data modelling language. LinkML is flexible, to allow addition of new mappings and transformations as 
EHR data and common data models evolve [4]. 

Tracking of data files, NLP parameters and metrics was conducted using the Data Version Control 
(DVC) software, a Git like version control system for tracking data and AI models. 

Software 

Finding a dearth of appropriate applications for easily mapping EHR variables to the OMOP common 
data model, we developed our own application with AI assistance. 

The LinkML, schemasheets, Zensical and tkinter Python packages were used to develop a software 
program in Python with a graphical user interface (GUI) to edit variables with a spreadsheet like 
interface and generate: 1) data dictionary and mapping website 2) LinkML, SQL and other schema 
definition files 

Results 

A total of 263 variables were mapped successfully to our custom OMOP data model. These variables 
included demographic, laboratory, imaging, surgical, medication and co-morbidities. 

LinkML Schema Editor Software 
 
The developed GUI application (Figure 1) allows easy entry of concepts, with search of OMOP 
concepts and automatic entry. 
 
Data Dictionary and Mapping Website 
 
The final website is accessible here: https://a.borakati1.gitlab.io/ 
A screenshot of an example NLP derived concept is shown below in Figure 2, showing mapping from 
source, coding and NLP performance. 
 
Conclusion: 
We demonstrate a blueprint for transplant units and other clinical specialties to transform their NLP-
enhanced EHR data to a structured data warehouse in a standardized common data model. 
This will allow description of datasets in a transparent way (in the FAIR principles) and allow linkage 
of data across centres globally, in addition to linkage with outside datasets such as genomics and 
national registries such as Hospital Episode Statistics which have previously been transformed to 
OMOP. This will allow an unparalleled level of granular, multicentre research in transplantation and 
beyond. 
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Study context: 
Ethical approval 
Health Research Authority ethics (18/LO/2048) and Confidential Advisory Group approvals 
(23/CAG/0141) have been obtained for collection of patient data without explicit consent. 
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Aditya Borakati is supported by the UK Engineering and Physical Sciences Research Council 
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from the LISTEN group at King’s College Hospital. All patients were supportive of their anonymized 
healthcare data being used for research.  
 

— 17 —



 
Figure 1- LinkML Schema Editor Application 
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Figure 2- Data dictionary and mapping site, showing example NLP derived variable 

— 19 —



Utilization of a fine-tuned BERT model to identify instances of the 
subject of clinical records experiencing job-loss 

David Chandran1, Alice Broadbent1, Jyoti Sanyal2, Robert Stewart1 

1 Kings College London, London, United Kingdom 
2 South London and Maudsley Trust, London, United Kingdom 

 

Introduction 

The recent growth of Natural Language Processing (NLP) and Transformer-based Deep 
Learning in the context of clinical records has created new opportunities for extracting and 
classifying useful information from the free text of clinical records that would otherwise be 
difficult to acquire and that is not contained elsewhere within the record[1]. One area of 
particular interest is identifying where the subject of a clinical text had recently experienced a 
loss of employment. This availability of this information is limited in structured fields of clinical 
records, making the ability to extract the information from the unstructured (free) text vital for 
collecting the required information.  Within clinical texts, job-loss can be referred to in multiple 
ways, in various contexts, which can make accurately classifying instances of job-loss a 
challenging endeavour. This is particularly notable when trying to specifically identify recent 
instances of job-loss (recent being defined here as within the previous month). The challenge 
that this research addresses, therefore, is whether a Deep-Learning based approach to clinical 
text classification could accurately determine the presence of these instances. 
 

Methods and Data 

This article presents a novel method for determining instances of job loss within the text of 
records from within the Maudsley Clinical Record Interactive Search (CRIS) database[2], a 
large database containing over 500,000 records through use of a BERT model[3]. BERT is a 
large language model that has been successfully used in classification of data within medical 
texts[4], including prior CRIS applications[5]. This method involves first using keywords and 
simple rules to find potential mentions of recent job-less within clinical text, and the 
surrounding context. The paper then describes using a BERT model, (as well as two other 
models built using BERT’s architecture) to classify these contexts to whether they refer to job-
loss or not, to determine whether any can return an acceptable performance. 

The first step in creating the model was the development of a dataset that could be used in its 
training and evaluation. These would be two sets of texts, one that could be used to train the 
model and another to test the accuracy of the model. The size and variety of data contained 
within CRIS, made it a very good candidate for the development of the dataset. The first stage 
in extraction was through a sql query identifying all records that contained a very broad set of 
keywords that could potentially be related to job loss. From these records the next stage was 
to identify potential individual instances of job-loss as well as well as the contextual text 
surrounding them. Another problem in this regard was the broadness of the terms that were 
used in the extraction. To solve this, simple rules were created to filter out obvious extraneous 
results through ensuring generic key terms such as “dismissed” were within proximity to terms 
referring to employment. These rules were implemented using Spacy, an industrial strength 
NLP library[6], which captured each instance, with contexts of 200 characters around the 
keyword.  

After the dataset was built, a set of annotation rules were created. These instructed the 
annotators to only positively annotate instances where the job loss was experienced by the 
subject no later than one month prior to the reference in the instance. Initially a set of 100 
instances were randomly selected and annotated by two annotators to determine the level of 
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inter-annotator agreement. This returned a high IAA value of 89.89%. Following this, the 
remaining 900 instances in the selection were annotated. This was then split into training data 
(containing 900 instances) and test data (containing 100 instances). With the completion of 
the dataset, the training of a model that is able to classify these instances as referring to a 
recent job-loss or not could begin, using the annotated training data. 

The building of the model involved using a pre-trained BERT model and tokenizer (which was 
required to convert the text data into a numeric form that could be used by a computational 
model) and then fine-tuning it over the training data with goal of it being able to accurately 
classify instances that were passed to it, before evaluating it over the test data. Towards this 
end, three separate base models were looked at. They were the base BERT model[3], 
RoBERTa a variant of BERT with expanded training and parameters[7], and BioBERT a variant 
of BERT that was trained specifically over biomedical data[8]. Each of these models was 
trained over the training data for 30 epochs.  

 

Results 

After the models were built, they were evaluated against the annotated test data (see Table 1) 

Table 1. Results 

Model Precision Recall F1 

BERT 87 96 91.5 

BioBert 82 96 89 

RoBERTa 84 93 88.5 

 

Conclusion  

As can be observed from the results, all the BERT models that were utilized were able to 
classify instances of recent job-loss with a high level of accuracy, with the base BERT model 
slightly outperforming BioBERT and RoBERTa. This illustrates the efficacy of using a fine-
tuned BERT model for this task. Using this method over a rules-based method has allowed 
for a substantial amount of time and labour. In addition, the BERT method is not 
computationally expensive and does not require a substantial amount of computational 
resources to deploy. This gives it a substantial advantage over potential GPT-based LLM 
approaches, which would have much higher resource and time costs. With the model now 
having been tested, it can now be used for further research on CRIS data, to determine the 
prevalence of recent job-loss on either the entirety of CRIS, or over cohorts as the situations 
require. In terms of future work there are two areas that can be taken forward. First, in terms 
of improving the job-loss model itself, BERT classification models can be built that find 
additional features and characteristics related to job-loss, such as instances of historic or 
repeated job loss. In addition, BERT models can be used to identify other traumatic life events 
contained in the free text of clinical records that relate to the subject. One area of future work 
that is being explored in that area is identifying instances of subject bereavement, which would 
represent an expansion of the scope of the project into a wider exploration of identifying 
instances of traumatic events that a present within unstructured clinical texts.   

Study Context 

The Clinical Records Interactive Search (CRIS), which contained the pseudonymised data 
that was used in the study, was funded by The National Institute for Health and Care Research 
(NIHR) Maudsley Biomedical Research Centre (BRC) at South London and Maudsley Trust 
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(SLaM) and King’s College London (KCL). Access to the required data was subject to ethical 
and legal approval by the CRIS Oversight Committee. 
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1 Introduction

Multiple long-term conditions (MLTCs), defined as the presence of two or more chronic physical or mental conditions,

represent a major challenge for healthcare systems [1, 2]. Adults with intellectual disability experience earlier onset and

higher prevalence of chronic illness compared with the general population, contributing to significant health inequalities

and reduced life expectancy [3, 4]. Previous studies have reported high prevalence of conditions such as epilepsy, mental

illness, and respiratory disease in people with intellectual disability. However, less is known about how these conditions

cluster and develop over time, particularly across age groups and between sexes. Understanding patterns of multimorbid-

ity may support improved screening, preventive care, and clinical decision-making. This study examines the prevalence

and temporal associations of multiple long-term conditions in adults with intellectual disability in England using linked

primary and secondary care data. In addition, we present digital tools developed in this work to explore multimorbid-

ity patterns and complementary care experience evidence, including simulated and reported care experiences generated

through a conversational AI system.

2 Methods and Data

This observational study used CPRD GOLD (July 2023 build) primary care records linked to Hospital Episode Statistics

(HES) admitted patient care and outpatient data, together with Office for National Statistics (ONS) mortality data. In-

dividuals with intellectual disability were identified between 01/01/2000 and 30/06/2023. Participants were adults aged

18 years and over with at least one recorded diagnosis of intellectual disability and at least one year of up-to-standard

registration. Patients were included if they had two or more long-term conditions. The full available longitudinal record

for each patient within the study period was used to identify diagnoses and examine temporal relationships between

conditions. The final cohort included 13,051 adults with intellectual disability (7,123 males and 5,928 females). Forty

long-term conditions were identified using Read codes in primary care data and ICD-10 codes in hospital records. Pa-

tients were stratified by sex and by age at first diagnosis into three groups: under 45 years, 45–64 years, and 65 years

and over. Statistical associations between condition pairs were assessed using Fisher’s exact test with odds ratios and

95% confidence intervals, and false discovery rate correction was applied to account for multiple comparisons. We de-

veloped an interactive tool for exploring patterns of multiple long-term conditions in adults with intellectual disability

using aggregated linked healthcare data. The tool analyses co-occurrence and temporal relationships between conditions

and generates visual networks illustrating how diseases cluster across the life course (see Fig. 2). These analyses support

exploration of potential disease progression pathways and investigation of multimorbidity patterns.

3 Results

Most diagnoses occurred before age 45 for both sexes (73.4% in females and 73.7% in males). The mean number of

conditions increased with age, indicating accumulation of multimorbidity across the life course. Among females, the

mean number of conditions increased from 2.58 before age 45 to 3.99 among those aged 65 years and over, while in

males the increase was from 2.31 to 3.76. Mental illness was the most prevalent condition among females (41.21%),

while epilepsy was the most prevalent condition among males (36.30%). Hypertension affected approximately 28% of

both sexes, while reflux disorders and chronic airway diseases were also common. Age-specific patterns were observed.

1
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In younger adults (aged <45 years), epilepsy and mental illness were the most frequent diagnoses. In the 45–64 age

group, cardiometabolic conditions including hypertension and diabetes became more prevalent. Among adults aged 65

years and over, multimorbidity patterns were dominated by chronic kidney disease, dementia, cardiac arrhythmias, and

heart failure. Strong associations between conditions were observed. One of the strongest and most frequent associations

occurred between diabetes and hypertension. Mental illness also showed repeated associations with insomnia, chronic

pain conditions, and reflux disorders and often preceded other conditions within multimorbidity trajectories.

Figure 1: Interfaces of the multimorbidity analysis tool.

4 Conversational AI Care Experience Tool

We developed a conversational AI tool designed to support the exploration and analysis of healthcare interaction sce-

narios. The system can generate simulated conversations between clinicians and patients using predefined personas that

represent different clinical roles, patient characteristics, and care contexts. In addition to fully simulated interactions,

the platform supports AI–human conversations in which either the clinician or patient role can be performed by a human

participant while the other role is generated by the AI system. The tool also provides functionality for thematic analysis of

conversation transcripts in order to identify recurring concerns, communication challenges, and care experience themes.

To support safety evaluation, we integrated a structured safety analysis framework that enables systematic assessment of

conversational content. Evaluation components were implemented to assess how well the AI system follows instructions

and responds appropriately when interacting about potentially sensitive healthcare issues.

Figure 2: Interfaces of the conversation generation and analysis tool.

5 Conclusion

Adults with intellectual disability experience a substantial burden of multiple long-term conditions, with clear age-specific

and sex-specific patterns. Neurological and mental health conditions are more prominent earlier in adulthood, while

cardiometabolic and age-related conditions become more common later in life. Understanding these patterns may support

earlier detection and more targeted screening strategies. To complement this population-level analysis, we developed

digital tools to support exploration of multimorbidity patterns and care experiences. These include an interactive tool

for analysing relationships between long-term conditions using aggregated statistical data and a conversational AI system

designed to collect and analyse care experiences and generate simulated healthcare conversations involving individuals

with intellectual disability and their carers. Together, these approaches aim to provide a broader perspective on healthcare

risks, care barriers, and lived experiences affecting this population.

2
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6 Study context

Acknowledgments. Data-driven machinE-learning aided stratification and management of multiple long-term COndi-

tions in adults with intellectual disabilitiEs (DECODE) project (NIHR203981) is funded by the NIHR AI for Multiple

Long-term Conditions (AIM) Programme. The views expressed are those of the author(s) and not necessarily those of the

NIHR or the Department of Health and Social Care. This work uses data provided by patients and collected by the NHS

as part of their care and support. We also want to acknowledge all data providers who make anonymised data available

for research.

Role of the funding source. The funders of the study had no role in study design, data collection, data analysis, data

interpretation, or writing of the report.

Ethics. This study has been approved by the CPRD Independent Scientific Advisory Committee (protocol number:

22_001840).

Data Availability. The individual-level patient data used in this study cannot be shared publicly and are not available

for redistribution by the authors, as access was granted solely for the purposes of this study under the terms of the

CPRD data access agreement (protocol number: 22_001840). Researchers wishing to conduct similar studies may apply

independently for access through CPRD (https://www.cprd.com) subject to their own approvals. The Read code

lists, condition definitions, chronicity criteria, and epidemiological analysis plan are publicly available via the Open

Science Framework at https://doi.org/10.17605/OSF.IO/KT5FY.
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Introduction 

Real world data (RWD), including electronic health records, is playing an increasingly central role in 
clinical research and the generation of real-world evidence (RWE). However, RWD is primarily 
collected to support direct patient care rather than research, resulting in data that may be incomplete, 
inconsistent, or poorly aligned with the needs of a specific research study. As a result, robust data 
quality assessment is essential to ensure that datasets are fit for purpose. 
A range of established tools exist for generic data quality assessment, many of which provide 
valuable generic checks and descriptive summaries such as OHDSI’s Achilles [1] and Achilles Heel or 
the PEDSnet Network Data Quality (NDQ) toolkit [2]. However, when it comes to project-specific 
checks, researchers typically resort to bespoke analyses—a time-consuming and resource-intensive 
process.  
The emergence of large language models (LLMs) and autonomous agents introduces new 
possibilities for automating research-specific data quality controls. For example, Li et al. [3]
investigated LLMs for anomaly detection in tabular data and Li et al. [4] introduced a multi-agent 
framework for automatic bias detection. 
We present the first insights into ArcVAL (Arcturis VALidation), an agentic system designed to 
perform research-specific data quality checks and report results on 2 of the 3 main components, 
information extraction and data analysis. ArcVAL analyses RWE study protocols, extracts key 
requirements, maps them to standardised clinical concepts, and automatically evaluates the 
presence, plausibility, and completeness of the corresponding data elements. By aligning data quality 
assessment directly with study objectives, ArcVAL aims to improve the efficiency, transparency, and 
reliability of RWE studies. 
 

Methods and Data 

ArcVAL is implemented as an agentic system composed of three main components: Information 
Extraction (IE), Translator (T), and Data Analysis (DA), see Figure 1. Each component operates as an 
independent single- or multiagent workflow with a distinct objective. This modular design improves 
accuracy through greater control of individual components and enhances flexibility by enabling the 
use of task-specific LLMs (e.g., lightweight models for in-SDE data analysis). The IE component 
analyses study-agent workflow with a distinct objective. The IE component analyses study specific 
documents, such as protocols or statistical analysis plans (SAPs), to identify data elements relevant 
to the research questions, for example diagnosis codes or demographic criteria. This component is 
implemented as a sequential agentic workflow, with different agents responsible for extracting 
elements from specific data categories. The Translator component maps the extracted data elements 
to one or more target ontologies used within the dataset of interest. This standardisation step ensures 
that study requirements are aligned with the underlying data representation, enabling consistent 
downstream analysis. Finally, the DA component performs research-specific data quality 
assessments. It dynamically generates SQL queries tailored to the standardised concepts and 
predefined quality tests and executes them against the dataset. The DA component follows a 
planner–executor–verifier (PEV) approach, enabling iterative refinement of the generated SQL code 
based on query results (up to a maximum of five iterations). The data quality tests are defined in 
natural language to ensure flexibility across different database schemas, with a database schema 
description provided to the planning agent as contextual input.  

 

Figure 1. High-level system diagram of ArcVAL with its main components 
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The IE component was developed using three internally available statistical analysis protocols 
(SAPs), with an average length of 92 pages and additional tabular appendices. The objective was to 
extract all data elements belonging to the following categories: demographics, diagnoses, procedures, 
medications, laboratory tests, and clinical observations. The IE component uses Claude 3.7 Sonnet 
for the individual agents. Ground truth annotations were generated manually. 

The DA component was evaluated on an anonymised prostate cancer dataset from the Arcturis RWD 
Network Research Database, to which two NHS trusts contributed (13,449 patients, time range: 2006-
2025). Performance was assessed based on the ability of the system to generate correct SQL code 
and the number of PEV cycles required across 16 predefined data quality tests. These tests were 
targeting diagnosis codes and were divided into two groups of equal size. Simple tests involved 
single-table aggregations (e.g. counting patients with a given diagnosis code or estimating first or last 
occurrence of a code), whereas complex tests required multi-table joins and advanced logic including 
temporal constraints and demographic stratification (e.g. age or gender stratification of a defined 
patient cohort). The LLaMA-3-8B model was included as a representative example of a smaller, 
open-source LLM, with the aim of assessing whether tasks could be performed in more constrained 
environments, such as secure data environments (SDEs) of the NHS. 

Results 

The evaluation of the IE component on the 3 SAPs reveals an average F1-scores (& standard 
deviation) for extraction of demographic information, diagnosis codes, procedure codes, clinical 
observations, laboratory tests and medication names: 0.6 (0.12), 0.97 (0.02), 0.86 (0.25), 0.63 (0.11), 
0.97 (0.03), 0.97 (0.02) respectively. The higher F1-scores observed for diagnoses, procedures, 
medications, and laboratory tests are largely attributable to the fact that these data elements are 
typically represented using well-defined and structured coding systems, such as ICD-10 codes for 
diagnoses and OPCS-4 codes for procedures. In addition, the study protocols often specified a large 
number of such codes, which frequently appeared in structured tabular formats. In contrast, 
demographic variables and some clinical observations achieved lower F1-scores, reflecting both the 
smaller number of items typically specified and their greater semantic variability. For example, a single 
concept such as age may be expressed in multiple forms (e.g. age, date of birth, or year of birth), 
increasing ambiguity during extraction. Moreover, certain variables present edge cases—such as 
body mass index (BMI)—where categorisation is inherently ambiguous, leading to challenges in 
consistently assigning them to demographics versus clinical observations. 
The evaluation of the DA component shows that the larger Claude model can generate accurate SQL 
code for all simple data quality tests (100% accuracy), both with and without the use of SQL 
templates, in the first PEV iteration. For complex quality tests, Claude achieves an accuracy of 37.5% 
without templates and 87.5% when templates are provided. In contrast, the LLaMA model can’t 
generate correct SQL code for any quality tests without templates; when templates are provided, 
performance increases, achieving accuracies of 50% and 25% for simple and complex tests, 
respectively. 
 
Conclusion 

We present the first insights into ArcVAL, a novel agentic system designed to perform research 
specific- data quality checks for RWE studies. The evaluation of the IE component demonstrates that 
key study relevant- data elements can be extracted from study documents with high accuracy. The IE 
component is currently optimised to a specific document type (SAPs) used in this study. Further 
optimisation is required to make it robust to different documents formats.  
The evaluation of the DA component shows promising results when using a big LLMs, especially for 
complex data quality checks when supported by SQL templates Future work will focus on scalable 
template generation (e.g. via RAG-based template libraries), incorporation of human-in-the-loop 
feedback, and fine-tuning of smaller models to improve performance on complex queries in 
constrained environments. 
 

Study context 

An anonymised dataset for this study was provided by the Arcturis Real-World Data Network Research 
Database under REC approval 24/YH/0164. Our thanks to all participating NHS trusts who provide data 
to the database, and to the patients and members of the public who advise and support Arcturis. 
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Introduction 

The digitalisation of electronic health records (EHRs)—coupled with the advancements in 

modelling and data representation methods—has created a promising environment for the 

integration of predictive artificial intelligence into healthcare as decision support tools that may 

help clinicians issue more personalised and timely treatment. We have previously been 

successful in predicting a range of clinically relevant outcomes such as mechanical restraint (1, 

2), involuntary admission (3), need for electroconvulsive treatment (4), diagnostic progression to 

schizophrenia or bipolar disorder (5), and initiation of clozapine treatment (unpublished) at the 

level of the individual patient, using only routine clinical data from EHRs from psychiatric services. 

In psychiatry specifically, details and nuances regarding patient states, symptoms and treatments 

are often more accurately captured in free-text clinical notes than in conventional structured 

variables. Our preliminary studies are built around conventional machine learning classification 

frameworks trained on multi-modal feature vectors derived from the EHRs. For these models, 

clinical notes were tabularized using simple statistical methods like TF-IDF or a pre-trained 

sentence transformer. Despite these simple free-text representations, models trained exclusively 

on note-derived features performed comparably to models trained on expert-curated features 

from structured EHR data. Given these encouraging results, we now aim to extend this line of 

work and take advantage of our unique catalogue of different prediction models by systematically 

exploring the further potential for enhancing clinical prediction modelling using natural language 

processing (NLP).  

 

Specifically, we will compare the predictive performance of NLP models spanning an increasing 

spectrum of complexity and exhaustively attempt to map out benefits and pitfalls of different 

methods for different prediction tasks. This study aims to deepen our understanding of the value 

and feasibility of utilizing free-text clinical notes for clinical models, ultimately contributing to their 

integration in clinical practice. 
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Methods and Data 

The study builds data from the PSYchiatric Clinical Outcome Prediction cohort encompassing 

routine clinical EHR data from all individuals with at least one contact to the Psychiatric Services 

of the Central Denmark Region (6). The dataset covers >120.000 adult patients and contains 

comprehensive data on all patient contacts, including clinical notes, diagnoses, medications, lab 

values and coercive measures. 

For the study, we aim to implement and explore the following approaches to modelling clinical 

notes for prediction tasks: 

• Classifiers (e.g., XGBoost) trained on feature vectors based on the term frequency of 

predefined psychopathology-related words 

• Classifiers trained on TF-IDF-derived feature vectors 

• Classifiers trained on embeddings from a state-of-the-art (SOTA) off-the-shelf embedding 

model 

• Classifiers trained on embeddings from a SOTA embedding model fine-tuned on the 

clinical outcome prediction tasks 

• Prompt-based classification using SOTA large language models, including both general-

purpose and healthcare-specific models 

These methods will be trained on the prediction tasks outlined in the introduction, and their 

performance will be compared with that of the multi-modal models presented in the original 

studies. Evaluation will focus on predictive performance, temporal and geographical stability, and 

interpretability. In particular, we will assess whether the models maintain robust performance 

across different time periods and hospital sites and evaluate how the degree of interpretability 

and complexity of the factors underlying model predictions may affect their clinical utility and 

applicability. 

 

Results and conclusion 

The study is still in its early phases and results are not yet available. Preliminary results are 

expected by medio 2026. 

 

Study context 

The development of AI in the field of healthcare is sensitive and should be undertaken with utmost 

precaution. Any algorithms developed in this project are intended solely as support tools for 

clinicians and never as a means for automating decisions regarding patients. Furthermore, 

analyses will be conducted to uncover and mitigate any potential biases in the algorithms. 

The study is funded by Independent Research Fund Denmark, The Lundbeck Foundation and 

the Danish Agency for Digital Government. The study was approved by the Legal Office of the 

Central Denmark Region in accordance with the Danish Health Care Act §46, Section 2 (1-45-70-

60-25). The Danish Committee Act exempts studies based only on EHR data from ethical review 
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board assessment. Handling and storage of data complied with the European Union General Data 

Protection Regulation. The project is registered on the list of research projects having the Central 

Denmark Region as data steward.  

According to Danish law, the patient-level data for this study cannot be shared. The code for all 

analyses will be available at:  

https://github.com/Aarhus-Psychiatry-Research/psycop-common/tree/main  

There is no public nor patient involvement in this study. 
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1 Introduction

Epilepsy is a common neurological disorder affecting over 51 million people worldwide [1]. It

can be managed with medication and lifestyle factors, usually facilitated by specialist clinics that

generate electronic health records (EHRs), which largely consist of free-text clinic letters. As

EHRs are a vital resource for clinical and research use, extracting information from them is a

promising avenue for research.

Natural Language Processing (NLP) can help analyse EHRs by parsing human speech. Recent

NLP applications include: extracting seizure frequency [2], current medications [3], and long-

term seizure patterns [4] from clinic letters.

Most NLP methods leverage Large Language Models (LLMs), which encode information about

term usage and sentence relational information. Some medical-purpose LLMs include MedGemma

[5], Meditron [6], and BioMistral [7]. While useful, these models typically require tuning which

necessitates finding gold-standard, expert-annotated data. Available medical data corpora include

MIMIC-IV [8], NPA-CP [9], and EHRCon [10], but there’s a lack of freely available clinic visit

EHRs due to identifiable patient data constraints. This work aims to create a corpus of annotated,

anonymized EHRs with easy-to-follow guidelines. This corpus could then be used to fine-tune

LLMs by training the LLM on the EHRs with labels from the annotations.

2 Methods and Data

We use 3000 EHRs: 1500 from King’s College London Hospital (KCLH) and 1500 from Guy’s

and St Thomas’ Trust (GSTT). The different centres have similar methods for writing clinic

notes, reducing the need for data harmonisation across sites. Data was anonymised using Anon-

Cat [11]. This is a transformer-based model that removes identifiable information such as:

home/work/email addresses, names, dates of birth, telephone numbers etc. Anonymisation was

validated before annotation was completed by visual inspection of the EHRs, as well as by those

annotating. No issues were found.

Data was annotated by 7 users: 4 clinicians and 3 data scientists with epilepsy domain expe-

rience. This was done through the annotation platform called Markup [12]. Markup provides

1
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Figure 1: The top 5 most annotated entities in 1350 clinic letters. Counts represent the total

unique annotations over all annotations in a given group of entities. Here, ASM is anti-seizure

medication.

annotators with a list of entities to annotate, each with their associated attributes. The attributes

are either selected from a drop-down menu of options, or inputted by the user. These entities and

attributes are set by a configuration file which is manually loaded onto the system, allowing for

bespoke guidelines to be used. This configuration file is of .json format, and was developed using

Markup’s GUI tool for this purpose. After annotations are completed, the data can be exported

in the form of a .ann file (using the Brat Standoff format [13]), which can be read as an ordinary

text file.

3 Results

So far, 1350 total documents have been annotated, with 750 of these being double annotated.

The most annotated entities are those concerned with current anti-seizure medications (ASMs)

being annotated by at least one annotator a total of 1789 times. The least annotated are rare or

incorrect annotations such as extremely premature births, or mistakes in annotation input. The

top 5 most annotated can be found in figure 1. Inter-annotator agreement of double-annotated

EHRs is undertaken using Krippendorff’s Alpha [14], calculated by:

α = 1−
Do

De

(1)

where: Do and De are observed and expected disagreement respectively. Krippendorff’s Alpha

is chosen because we use both binary (present or not-present) and non-binary (drug dose, for

2
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Letters Mean Alpha Score

1-150 0.66

301-450 0.74

451-600 0.75

601-750 0.74

1351-1500 0.71

Table 1: Krippendorff Alpha scores for different spans of letters in 150 letter chunks. Work in

progress.

example) annotations.

First, the raw annotations are grouped. This is to reduce sparsity, minimise artificial disagree-

ment between closely related labels, and evaluate agreement at the level of clinically meaningful

concepts rather than highly granular annotations. Next, we calculate α for these categories over

each letter annotated, getting an overview of the agreement over all the selected letters. Then a

mean value is found. The results can be found in table 1. So far we have a mean of 0.72. This

shows a promising level of agreement at this early stage. The most agreed upon annotations are

ASMs and their associated dosages, often reaching a score of 1.00. The least agreed upon is

information related to dates given, such as the onset of epilepsy or the year that seizure freedom

was achieved. These are often negative, indicating this information is difficult to agree upon and

is, perhaps, more ambiguous. Work is ongoing.

4 Conclusion

In summary, we use commonly annotated entities to provide a gold-standard dataset of annotated

clinical letters. A total of 1350 letters are annotated by a team of clinicians and data scientists

(750 of which are annotated twice). The top 5 most numerous categories of entities annotated

include information pertaining to current ASMs, diagnoses related to epilepsy and comorbidities,

and any other prescriptions a patient may be on. This work is ongoing and will be updated as

more annotations are added and analysis performed.

5 Study context

De-identification was performed using in-house, verified de-identification software, AnonCAT.

Data will not be made available as per the conditions of a data sharing agreement. The configu-

ration file, however, may be given on request. There are no conflicts of interest at this time. Work

is funded with a generous grant from the Medical Research Council.
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Introduction 

Real-world free-text healthcare data is inherently sensitive, with risks to patient privacy. 
Several efforts have been invested in automated pseudo-anonymisation of free-text data [1,2], 
but residual re-identification risks [3] have often resulted in significant restrictions in accessing 
such data for research, even if data is placed within Trusted Research Environments (TREs). 
Synthetic free-text data are emerging [4] as an alternative and trustworthy solution, where data 
is generated through an AI process that ensures privacy and task-specific data relevance. 
While public views on synthetic structured data have been explored1, little is known about 
perspectives specific to synthetic free-text data. 

As part of the FORTRESS-TeHR: Federated, Open and Reliable TREs for Synthetic Textual 
Healthcare Records project, we are piloting an approach to generate, validate and document 
realistic synthetic free-text healthcare data that can be securely accessed within TREs for 
training and validation of AI models [5]. The project will test whether synthetic free-text 
healthcare data can meaningfully support research while reducing privacy risks. It will develop 
validation frameworks to help TRE operators, regulators, and researchers understand when 
synthetic healthcare free-text data is appropriate and where its limitations lie. The project is 
co-designed with technical specialists, clinicians and patients to ensure trust in synthetic free-
text healthcare data and its use in AI training. Here, we reflect on how public involvement has 
informed and shaped the research and development of the FORTRESS-TeHR project. 

 

Methods and Data 

Public involvement is embedded throughout the project. We have established a diverse Public 
Advisory Panel (PAP), which meets at key decision points to shape the requirements and 
expectations around privacy, quality, acceptable use, and public benefit. The PAP consists of 
12 members (6 female, 5 male, 1 non-binary) geographically spread across England. Half of 
the public contributors are from non-white British background. Four contributors are between 
18 and 35 years, five between 36 and 56 years, and three above that age. The PAP includes 
5 carers to ensure diverse perspectives throughout the project lifecycle. 

Working with our Public contributor co-investigator, we have organised three meetings with 
the PAP to discuss specific questions, share views and help shape the research and research 
outputs.  

Meeting 1 - setting the scene. We discussed the idea of generation of synthetic free-text 
healthcare data to train AI models and how to balance privacy and usefulness of such data, 
including any benefits and risks to patients and the public.  

Meeting 2 – generating the data. We discussed how synthetic free-text healthcare data can 
be generated, what the key steps are and how such data may be validated. We also discussed 
the potential formats of the research outputs from the project: for example, the options to share 
a model(s) that generate such data, or only the data itself. 

 

1 E.g. https://www.cardiff.ac.uk/centre-for-trials-research/research/studies-and-trials/view/Discussing-Data 
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Meeting 3 – using the data. We will discuss the deployment and access to synthetic free-text 
healthcare data, including acceptable ways share a model and/or  dataset, how datasets 
should be described (meta-data) so that they are FAIR (Findable, Accessible, Interoperable, 
Reusable), and how the process can be managed, transparent and trustworthy in the eyes of 
the public.  

We have already conducted meetings 1 (online) and 2 (face-to-face in Manchester), while 
meeting 3 (online) is planned for end of March 2026. 
 

Results 

The discussions in the PAP meetings are informing the design of technical solutions, the data 
quality assessment framework and data deployment and access policy. These discussions 
are documented to ensure transparency on how public involvement influenced the project 
design and execution.  

For example, when discussing the overall idea of using real-world free-text data to guide the 
development of synthetic free-text data, our public contributors highlighted a requirement to 
clearly define the purpose of the synthetic free-text data, and what expected use cases are. 
This has led us to ensure that the used real-world data is relevant for the purpose, represents 
the right population (e.g. local UK data or even regional) and has temporal relevance (e.g. old 
real-world data should not be used for training models that need contemporary datasets). 
There was a clear suggestion to investigate whether synthetic free-text healthcare data 
generation could have an opt-in rather than opt-out approach. 

Some of our PAP contributors noted that the terminology used around synthetic data in 
general (e.g. sandpits) can indicate that the data is for “playing around with” rather than 
“serious” research or development. As a consequence, we have adjusted our terminology and 
will be making recommendations to the wider research community. 

Discussions of the option to access either models or synthetic datasets challenged out initial 
plans. We are now considering sharing both with different users via different licensing options. 

Discussions of the nature and seriousness of errors that may appear in synthetic free-text 
healthcare data have helped us prioritise which validation approaches need to be implemented 
as minimum, and which ones are more important from the clinical fidelity perspective. Given 
that patients are increasingly offered to access to their healthcare data, a suggestion was to 
include patient assessment in the validation framework. Debating the quality of data, the PAP 
contributors suggested that there is a need to be clear about what the value of synthetic data 
is and that the role and value of real-world data for specific research tasks (including testing 
and validation) need to be evident. 
 

Conclusion 

Our public involvement activities have been an extremely valuable activity that have helped 
us clarify public expectations and inform the design requirements. Discussions with our PAP 
have shaped and adjusted some of the early decisions as part the project lifecycle, including 
how to specify (and check) the real-world input data, what and who needs to be involved in 
the validation, and how to provide access to research outputs. Our experience demonstrates 
the benefits of working with members of the public, alongside other stakeholders, to guide 
project design and deployment, no matter how technical they may seem. 
 

Study context 

This work has been designed as a public involvement activity to shape the development, 
evaluation and deployment of synthetic free-text healthcare data. The work has been funded 
by DARE UK through the FORTRESS-TeHR project. Public contributors have been 
compensated for their time and direct expenses.  
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Introduction 

 

In this study we aim to extract antidepressant phenotypes from primary-care notes 
using a Large Language Model (LLM) - Llama-3.1-70B [1] in a few-shot-prompting setup. 
Extraction of such concepts in psychiatry using natural language processing (NLP) 
focuses mostly on secondary-care data, likely due to the availability of datasets and 
platforms, such as CRIS [2]. However, patients treated for depression in secondary care 
constitute less than a quarter of all patients treated for depression in the UK [3]. Much 
of the treatment process, including prescribing antidepressants, is handled within 
primary care. Thus, primary-care free text is an important but under-researched area for 
understanding prescribing patterns, and treatment response in depression. 

 

In depression treatment, the physician’s impressions of the patient are primarily 
recorded in free text [4]. Vaci et al. [4] with the aid of clinical experts proposed a 
labelling schema for medication response, and related information of interest, in 
depression and applied it to secondary-care data. They achieved high F1 scores for 
some entity types (e.g., medication name (0.9) and dosage (0.93)), while reporting poor 
performance on others, notably ones corresponding to outcomes – medication 
response and adverse drug reaction (≤0.3). Thus, there is potential for improvement in 
predicting outcomes and applying it to primary care where most of the treatment 
happens. Taking an existing labelling schema [2], we adapted it to an LLM setup and 
applied it to primary-care notes from the Lothian region of Scotland, hosted within 
DataLoch, to extract antidepressant phenotype information. 

 

Here we present preliminary work including our translation of a previous approach  [4] 
into LLMs, our initial impressions of the benefits of LLMs in this setting, and  our 
adjustments to the labelling schema [4]. We further share our plans for creating a gold 
standard;  model evaluation; future use of LLM outputs for training smaller models; and 
integrating the extracted phenotypes in the wider scope of the AMBER project [5]. 

 

Methods and Data 

We have employed Llama3.1-70B [1] to extract entities corresponding to entity types 
presented in previous work [4] from free text of a sample primary-care encounters in 
Lothian coded with ReadCodes relevant to depression. Extracted entities included 
patient history, medication, adverse reaction, symptoms, treatment response and 
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clinical questionnaire results – each further split into subtypes (e.g., medication 
included medication name, dosage, frequency, etc.). A prompt was designed for each 
entity type, with some further broken down into multiple prompts based on theme (e.g., 
symptoms split into physical, mood, and suicidality). Each prompt tasked the LLM to 
determine the presence of entities, provide a relevant sentence from the input as 
evidence to support the prediction, and, finally, the literal string of the entity. The task 
was extended to present the entities grouped into relations of pre-determined format 
(e.g., medication-response; symptom-diagnosis). Well-formed outputs of the LLM were 
sufficient for identifying the entity’s indices within the input text. Some modifications 
were made to the original labelling schema, with certain entity-specific attributes – e.g., 
severity, or the person to whom an entity relates – changed into entities of their own. Of 
the originally presented attributes we retained temporality and negation. We further 
added an entity type for treatment adherence. The LLM produced formatted textual 
output which we post-processed into entities and relations.  

Results 

While labelled data enabling evaluation and quantitative analysis is yet to be produced, 
we can comment on the behaviour observed thus far in the output of the LLM. In some 
cases (often with extremely short inputs) the model hallucinated, providing outputs and 
evidence absent from the input. Further to this, the model sometimes classified each 
sentence in the input as an instance of each entity type relevant to the prompt. When 
valid predictions were made, they were usually correct, even for entity types that allow 
for variability, such as patient history (including relevant references to temporality – e.g., 
differentiating between a divorce happening in the past year versus three years ago as 
history relevant to current episode versus past history adulthood history). Mentions of 
response and medication (including changes in prescribing, e.g., dose increase) were 
identified correctly, which is encouraging for the aims of the project and AMBER [5] as a 
whole. For the diagnosis entity type, the model tended to predict diagnoses based on 
mentions of symptoms, rather than focusing exclusively on the exact mentions of 
psychiatric diagnoses in the input document. The model generally benefitted from the 
prompt conditioning the entity recognition task on a document-level theme prediction 
(binary classification on whether the topic of a given entity type is discussed within the 
document, followed by individual entities if true). Some of the issues described could 
be addressed with post-processing.   

Conclusion 

We have presented an ongoing project focusing on extraction of antidepressant 
response from primary care data. While the gold-standard labels for evaluating model 
performance are yet to be produced, initial outputs show promising behaviour on entity 
types of major interest, especially medication-related data and medication response. 
Some of the undesirable model behaviour can be addressed with post-processing, 
while other  issues may require further prompt engineering. Once the model has been 
evaluated, we intend to employ it on a larger amount of data to produce silver-standard 
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labels which will be used in training smaller architectures (e.g., BERT [6]) in more 
specialised tasks, such as medication extraction, and response extraction. 

Study context 

This study has been conducted as part of the AMBER (Antidepressant Medications: Biology, 
Exposure & Response) [5] project funded by a Wellcome Trust Mental Health Award. MHI is 
supported by the Wellcome Trust (220857/Z/20/Z; 226770/Z/22/Z, 104036/Z/14/Z; 
216767/Z/19/Z) and by a Research Data Scotland Accelerator Award (RAS-24-2). ELB also 
acknowledges additional support from MQ; Transforming Mental Health [MPSIP\30].  
 

This work uses data collected by the NHS as part of their provision of patient care and 
support. Following exceptional approval by NHS Lothian, the analysis was completed on an 
extract of patient data in a Trusted Research Environment managed by the DataLoch 
service: a partnership of the University of Edinburgh and NHS Lothian. One goal of the 
overall programme of work is to develop a scalable process for DataLoch in which clinical 
free-text can be de-identified for potential use within approved research projects. The data 
used for our development project cannot be requested in its raw form.   
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Introduction  
 
In this study we aim to analyse research in retrieving outcomes from medication 
(response and adverse reaction) in the context of free-text notes in psychiatry (with a 
focus on antidepressants and antipsychotics). Depression is a major global cause of 
disease burden. Treatment-resistant depression is a phenotype constituting a failure to 
respond to at least two different adequately delivered antidepressants. Precision 
psychiatry requires a better understanding of treatment response, yet response is 
difficult to measure using structured clinical data. Most depression cases are handled 
in primary care (including prescribing antidepressants) with the clinician’s impressions 
being primarily recorded in free text. To motivate further research in this area, we have 
thus conducted a systematic review of the use of Natural Language Processing (NLP) 
methods for retrieving response to psychiatric medications from clinical free text. 
   
Methods and Data  
  
We searched the literature focusing on keywords relating to the conjunction of NLP, 
psychiatric medication (antidepressants, antipsychotics and mood stabilisers), 
Electronic Health Records, and response. The initial search was conducted in January 
2025 and was further updated via rerunning the search and enhancement via citation 
snowballing in June 2025. We identified 1081 publications for screening with 15 
publications reaching the extraction phase. We focused on extracting features of the 
datasets (source in the clinical pathway; availability; language of the free text), the 
definitions and labelling of response (treatment response/adverse reaction; drug 
families considered; representation of response – e.g., binary/ternary; etc.), machine 
learning/NLP methods used, and evaluation methods. We employed the PROBAST tool 
[1] to evaluate the risk of bias with each publication having been evaluated by two 
researchers. We removed PROBAST questions irrelevant to NLP, as in previous work [2]. 
When applying PROBAST we adjusted the PROBAST criteria based on whether the paper 
focused primarily on technical NLP or epidemiology. 
 
Results  
  
Of the 15 extracted publications only one involved two datasets, with the rest working 
with a singular dataset. Only one publication focused exclusively on primary-care data, 
with secondary care being dominant (9 exclusively secondary-care, 3 combined with a 
different clinical source). This is despite psychiatric conditions (especially relating to 

— 42 —



mood) being commonly treated in primary care and likely due to the landscape of 
available datasets (9 publications included instances of datasets accessible with 
approvals, with only 1 instance of freely available data due to being synthetic). There 
was a relatively even split between publications focusing on medication response and 
adverse reaction (Fig. 1); with four publications using a different outcome variable (e.g., 
symptom improvement – a proxy to medication response). Similar to some spaces 
within the scope of Clinical NLP (e.g., cardiology [5] and adverse drug event detection 
[6]), rule-based methods tend to dominate the landscape (Fig. 2). Classical (pre-deep-
learning) NLP appears sparsely, with one instance in 2011 and three since 2020. Deep-
learning techniques appeared in three instances, all since 2020 constituting a relatively 
late adoption even for Clinical NLP standards (e.g., compared adoption in ICD coding in 
2018 [7]). LLMs have seen adoption since 2021, including BERT [8] architectures, and 
the more recent and powerful GPT-3.5.  

 

Conclusion  
  
We found that most datasets are either available with approvals or unavailable to most 
researchers. This hinders desirable procedures, such as study replication, or external 
validation. Most studies came from secondary-care sources, which are not 
representative of the most common setting for prescribing antidepressants and 
antipsychotics – primary care. As recording between primary and secondary care is 
different (specialty of the clinician, size and detail of the notes), results acquired on 
secondary-care data may not translate into primary-care settings. There is a split in 
focus in these studies with some leaning more into epidemiology while others focusing 
more on the NLP task leading to different levels of engagement with NLP methods.  
  
Study Context  
  
This study has been conducted as part of the AMBER (Antidepressant Medications: Biology, 
Exposure & Response) [3] project funded by a Wellcome Trust Mental Health Award. MHI is 
supported by the Wellcome Trust (220857/Z/20/Z; 226770/Z/22/Z, 104036/Z/14/Z; 

Fig.1: Prevalence of outcome variables in 
the extracted publications  

Fig.2: Prevalence of methods in the 
extracted publications  
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216767/Z/19/Z) and by a Research Data Scotland Accelerator Award (RAS-24-2). ELB also 
acknowledges additional support from MQ; Transforming Mental Health [MPSIP\30]. No 
patient data was used in this study. 
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Appendix A: Search Example 

Example query for SCOPUS: TITLE-ABS-KEY ( ( ( natural AND language AND processing ) 
OR ( natural AND language AND processing AND systems ) OR ( text AND mining ) OR ( 
information AND extraction ) ) AND ( ( antipsychotic ) OR ( mood AND stabiliser ) OR ( 
mood AND stabilisers ) OR ( mood AND stabilizer ) OR ( mood AND stabilizers ) OR ( 
neuroleptic ) ) OR ( ( antidepress* ) OR ( depress* ) ) AND ( ( ehr ) OR ( emr ) OR ( 
electronic AND health AND record ) OR ( electronic AND medical AND record ) OR ( 
clinical AND "notes" ) ) ) 
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To what extent can existing toxicity- and sentiment-oriented 
language models reliably distinguish between psychologically 
harmful and constructive negative comments? 
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 Loughborough University, United Kingdom 

Introduction  

Social media platforms play a key role in contemporary communication but also expose users to 
large volumes of negative commentary which has been linked to increased stress, anxiety, and 
depressive symptoms, particularly among the young and impressionable populations [1]. To 
mitigate these risks, platforms increasingly rely on automated moderation systems to detect 
toxic or abusive language. However most existing approaches frame toxicity as a largely binary 
or multi-label problem focused mainly on identifying profanity, hate speech or explicit 
harassment. 

Prior work in abusive language detection has primarily focused on categorizing harmful content 
such as hate speech, offensive language, or personal attacks (e.g.,[4,10,11]). While related 
research has explored dimensions such as constructiveness and helpfulness in online discourse 
[5,7,9], these are typically treated as separate tasks rather than explicitly contrasted with 
harmful language.As a result, the current moderation systems often conflate the different forms 
of negativity, failing to distinguish between comments that are critical but constructive and those 
that are psychologically harmful. 

This distinction is important. Constructive criticism–negative feedback designed to support 
improvement–can promote learning and engagement[2], whereas psychologically harmful 
language is intended to demean, shame or emotionally harm the recipient. Systems that fail to 
distinguish between these forms risk suppressing legitimate discourse or inadequately 
protecting users. 

Recent advances in large language models (LLMs) have improved contextual understanding in 
toxicity detection. However, it remains unclear whether models trained on surface-level cues 
can reliably distinguish constructive from harmful negativity, as this depends on intent and 
psychological impact. 

This paper reframes moderation as a three-class classification problem: supportive/positive, 
constructive negative, and psychologically harmful negative. 

Contributions 

1.​ It introduces a well-being-oriented reframing of toxicity detection that explicitly separates 
constructive and psychologically harmful negativity. 
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2.​ It provides a comparative empirical evaluation of classical and transformer-based 
models on this task. 

3.​ It demonstrates a systematic limitation of current models, namely their tendency to 
confuse harmful comments with constructive criticism. 

Methods and Data 

We define a three-class classification task: 

●​ Supportive/positive (S): non-toxic, affirming comments 
●​ Constructive (C): critical but improvement-oriented feedback 
●​ Harmful (H): language intended to insult or harm 

Evaluation focuses on distinguishing constructive vs harmful, the core challenge. 

Dataset 

We use the Civil Comments dataset[4], a large-scale corpus of user-generated online comments 
annotated for toxicity attributes. This dataset is particularly suitable because it contains naturally 
occurring discussions with a wide spectrum of toxicity, including subtle and context-dependent 
language. 

Original toxicity labels are mapped to the three proposed categories based on prior work in 
constructiveness and abusive language detection [5,6. This mapping enables  the study of 
nuanced distinctions within negative language rather than treating toxicity as binary. 

Preprocessing  

Text preprocessing includes: 

●​ Lowercasing 
●​ Removal of URLs and punctuation 
●​ Whitespace normalization. 

Classical models use TF-IDF representations with unigrams and bigrams.Tranformer models 
are trained on raw tokenized text, truncated or padded to 128 tokens. 

Models 

Classical: Logistic Regression, Linear SVM, Random Forest, XGBoost​
 Transformers: DistilBERT-base-uncased, RoBERTa-base 

Transformers are fine-tuned for two epochs using AdamW (learning rate 2×10⁻⁵). 
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Evaluation Metrics 

Accuracy, macro F1-score, per-class precision/recall, and confusion matrices.​
 Macro F1 ensures balanced evaluation. 

Results 

Transformer models outperform classical baselines, with RoBERTa achieving the best 
performance. Compared to DistilBERT, RoBERTa improves accuracy by 1% and macro F1 by 
0.02, with the largest gain in harmful comment recall (+3%). 

Confusion Matrix  

DistilBERT 

Predicted Constructive  Harmful  

Constructive  6106 857 

Harmful  1178 1859 

RoBERTa 

Predicted Constructive  Harmful  

Constructive  6216 747 

Harmful  1147 1890 

A consistent pattern emerges across both models: harmful comments are more frequently 
misclassified as constructive than vice versa. DistilBERT misclassifies 1,178 harmful 
comments as constructive, compared to 857 constructive comments as harmful. Similarly, 

Model  Accurac
y 

Macro F1 Constructive F1 Harmful F1 

Logistic Regression  72% 0.68 0.70 0.65 

Linear SVM 74% 0.70 0.72 0.68 

Random Forest  70% 0.66 0.68 0.63 

XGBoost 73% 0.69 0.71 0.67 

DistillBERT 80% 0.75 0.77 0.73 

RoBERTa 81% 0.77 0.79 0.75 
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RoBERTa misclassifies 1,147 harmful comments as constructive, compared to 747 constructive 
comments as harmful. 

This corresponds to approximately 38–39% of harmful comments being misclassified, 
indicating that both models are more likely to underestimate harm. These findings suggest that 
transformer models struggle to capture psychological intent, particularly when harmful language 
resembles constructive feedback. 

Discussion  

Although transformer models improve performance, they remain limited in capturing pragmatic 
intent. They rely on surface-level linguistic cues, which are insufficient for distinguishing 
constructive criticism from harmful language when both share similar wording. 

This limitation highlights a broader challenge in content moderation: psychological harm is not 
solely a function of explicit toxicity, but also of intent, tone and context. As a result, systems 
trained on traditional toxicity labels may fail to provide reliable moderation in nuanced cases. 

Conclusion  

This study demonstrates that existing toxicity- and sentiment-oriented language models can 
distinguish between constructive and psychologically harmful negative comments only to a 
limited extent. 

These findings underscore the need for moderation systems that go beyond surface-level 
toxicity detection and explicitly model communicative intent and psychological impact. 

Future work will explore: 

●​ Instruction-tuned and intent-aware models 
●​ Incorporation of contextual and conversational features 
●​ The effectiveness of large language models (LLMs) and advanced AI systems on this 

task, particularly their ability to reason about intent, tone, and context beyond 
surface-level linguistic features. 

This work supports the development of moderation systems that reduce harm while preserving 
constructive discourse. 

Study Context 

This study uses publicly available, anonymised data from the Civil Comments dataset. No new 
data was collected, and no personal identifying information was processed. Ethical approval 
was not required. No external funding was received, and there are no conflicts of interest. 
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Introduction 

Healthcare narratives such as referral letters, clinical reports, diagnostic summaries, and 
discharge documentation contain a large proportion of the contextual information used in 
clinical decision-making [1]. However, a lengthy set of letters in the patient record can be 
challenging for a clinician to mentally summarise in the few minutes prior to a patient 
consultation. These free-text records are therefore an important target for Natural Language 
Processing (NLP) systems designed to assist clinicians in summarising patient histories, 
identifying relevant signals, and supporting clinical workflow [2]. However, evaluating and 
validating such systems requires access to large volumes of patient records. 

For technologies intended to be deployed as clinical decision-support tools or medical devices, 
regulatory frameworks typically require evidence that the system performs reliably across 
diverse patient populations and clinical contexts. In primary care settings, this requirement 
presents a particular challenge because general practitioners encounter an extremely wide 
spectrum of conditions, comorbidities, and diagnostic pathways. Demonstrating robustness 
therefore requires testing systems against varied and realistic clinical records. 

Access to real patient records for such testing is often constrained by privacy regulations, data 
governance requirements, and institutional approval processes. Synthetic clinical data 
therefore represents a potential alternative for developing and evaluating healthcare NLP 
systems [3]. Large Language Models (LLMs) have recently been proposed as tools capable 
of generating synthetic clinical narratives that resemble real medical documentation [4]. 

This study explores the feasibility of using LLMs to generate a broad corpus of synthetic 
patient letters and reports, representing a broad range of general practice patients. 
Specifically, the work investigates whether LLM-generated clinical narratives can reproduce 
the structural, stylistic, and informational characteristics of real-world medical documentation 
sufficiently to support realistic evaluation of summarisation systems. 

The 3 objectives of the study were to (i) identify the breadth of conditions commonly 
encountered in primary care, (ii) create plausible combinations of conditions within synthetic 
patient profiles to maximise patient variability and (iii) evaluate prompting strategies and LLM 
behaviour when generating clinical correspondence and documentation associated with these 
profiles. 

Methods and Data 

A set of synthetic patient profiles was constructed to reflect the diversity of conditions 
encountered and complexity of patients in primary care. Open-source epidemiological 
statistics, clinical literature, and publicly available information on disease prevalence and 
comorbidities were used to identify common conditions managed in general practice, and 
typical patient characteristics. Twelve synthetic patient profiles represented varied 
demographic characteristics, combinations of conditions, and plausible diagnostic pathways. 

Profiles were used as structured prompts to generate clinical documentation typically 
appended to general practice records following secondary care interactions, specifically 
requesting structures mapping to diagnostic letters, investigation reports, imaging summaries, 
referral correspondence, and administrative documentation. For each patient profile, multiple 
document types were requested, with an initial target of approximately 5-10 documents per 
patient. Prompting strategies were iteratively adjusted to improve the formatting, structure, 
and informational complexity.  
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Two open-source LLM systems (Claude.ai and ChatGPT) were used to generate 37 
documents using multiple prompt variations for 12 patients. Outputs were reviewed 
qualitatively to assess their similarity to real-world clinical documentation, focusing on 
formatting, structural realism, informational completeness, and presence of extraneous or 
administrative content typically found in medical records. 

Results 

Patient profiles were generated to represent complex patients using multiple NHS services.   

Table 1: Complex patient profiles for general practice.  

Age / Sex  Conditions  

32 F Pregnancy (third trimester), Iron Deficiency Anaemia, Hypertension, Anxiety 

72 F Dementia, Hypertension, Osteoarthritis, Hearing Loss, Falls 

15 M Childhood obesity, ADHD, Depression, Anxiety, Violent outbursts 

41 F Psoriasis; Inflammatory arthritis (initially labelled OA); IBS; Hypothyroidism 

52 F Menopause; migraine; Anxiety/Depression; Urinary incontinence; Joint pain  

46 M Erectile dysfunction; Type 2 diabetes; Obesity; Depression; Sleep apnoea 

29 F Chronic pain; Anxiety; reflux; IBS; Orthostatic hypotension; Dysmenorrhea; 
Prolapse 

33 M ADHD (late diagnosis); Alcohol misuse; Anxiety/Depression; Smoking 

79 F CKD; Anaemia; Heart failure; Recurrent UTIs; Falls; Polypharmacy 

44 F Hypothyroidism; Depression; Chronic fatigue; Weight gain; Constipation 

36 F Chronic pain; IBS; Anxiety/Depression; Fibromyalgia 

27 M Orthostatic hypotension; ME/CFS; BPPV; Falls; Anxiety; IBS 

 

The LLMs demonstrated strong performance in interpreting prompts correctly and generating 
clinically coherent narratives. Condition combinations and diagnostic pathways generated 
were typically plausible using appropriate medical terminology. Models were able to maintain 
longitudinal consistency when generating multiple documents associated with a single patient 
profile. 

However, generated documents differed substantially from real clinical records, limiting their 
usefulness for evaluating healthcare NLP systems: 

1) Document structure and informational complexity. Real medical records often contain 
large amounts of administrative and contextual information, partial data, formatting artifacts, 
and clinically irrelevant details. In contrast, LLM-generated documents tended to present 
information in a highly condensed and narrative form. For example, laboratory reports 
contained only the specific test values directly related to the prompted condition rather than a 
full panel of results. Imaging reports were frequently generated as short narrative summaries 
rather than structured reports. Administrative documents contained only minimal demographic 
information rather than extensive fields and metadata. Attempts to prompt the models to 
increase structural realism resulted in limited improvements. In some cases, additional 
formatting elements such as tables or checkboxes were added, but these often contained 
logically inconsistent information (e.g., mutually exclusive options marked simultaneously) or 
remained largely empty. 

2) Practical limitations were also encountered during generation. The process of generating 
documents required substantial manual interaction, was slow and labour-intensive, making 
large-scale corpus generation impractical. 

Conclusion 

These findings suggest that while open-source LLMs can generate clinically coherent 
narratives, they currently struggle to reproduce the structural complexity, formatting 
variation, and informational noise characteristic of real medical documentation. 
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Study context 

This study was conducted as part of exploratory research into methods for generating 
synthetic clinical datasets to support evaluation of healthcare NLP systems via Higher 
Education Innovation Funding. No real patient data were used at any stage of the project. All 
patient profiles and documents were entirely synthetic. 

The work was undertaken within an academic research setting and did not involve human 
participants or identifiable clinical data. The study therefore did not require formal research 
ethics approval. The findings are intended to inform future methodological work on synthetic 
clinical data generation and evaluation frameworks for healthcare AI systems. As part of the 
same funding, consultations with GPs and patients are taking place to understand more about 
perceived benefits of the technology in the clinic to inform the future evaluation.  
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Introduction 

Medical free-text data contain a vast amount of valuable information about patient journeys 
e.g. detailed radiology reports, or narrative summaries describing lifestyle factors or early 
symptoms long before a diagnosis is made. Most information in free-text data is not routinely 
transformed into structured, coded data and remains siloed, despite its potential to improve 
patient outcomes or inform public health policy. Because medical free-text data often 
contains sensitive personal information, organisations responsible for patient records are 
understandably cautious and frequently reluctant to make such data available for research 
[1]. 

Manual removal of sensitive information is costly, time-consuming, and labour-intensive. De-
identification of clinical free-text data has been an ongoing subject for many years, yet the 
problem remains unsolved with relatively little research access to free-text data [2]. Large 
Language Models (LLMs) have shown promise in this area (e.g. [3]) but there has been no 
evaluation within Trusted Research Environments (TREs). Our project STAR-TRE ([4]) 
evaluates how LLMs and traditional NLP methods can work together to improve de-
identification of clinical text. Here we present our work in progress, combining traditional 
pattern-based methods (regular expressions) with an LLM to achieve human-like removal of 
sensitive data in radiology reports and discharge summaries. Our tool is being developed for 
usage within TREs to facilitate governance decisions and potentially enable free-text data 
access to researchers. 

Methods and Data 

Data used for this work were sourced through DataLoch and represents a local extract of 
one year of radiology reports and discharge summary of patients utilizing the Lothian health 
board (south-east Scotland; total population of approximately 1 million). 

We have previously double annotated a sample of 2,250 free-text reports [5] for each type 
(radiology and discharge). This dataset allowed us to create and evolve our in-house, 
python-based de-identification regular expression based tool consisting of a set of 19 regular 
expressions (e.g. postcodes, dates, or medical IDs). We are testing different prompting 
strategies but here we are focussing on few-shot prompting, to detect names (first name, last 
name) and dates. These entities are stored in the form of entity type, start of match, end of 
match, matched string – matching the output of the manual annotation tool brat [6].  

A limitation we are currently working on is creating a gold standard set from our double 
annotated human files. At this point, results presented as part of this work stem from 
comparison to a single human annotator (1,250 files). 

For evaluation we have adapted a system suggested by David Batista [7], which allows us to 
look at strict (i.e. same entity type AND same span match as human), exact (i.e. same span 
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match as human; independent of entity type), partial (some overlap of the match; 
independent of entity type) and type (some overlap of the match and same type) matches, 
when calculating precision, recall and f1-score. Here we only report F1-scores for strict 
matches comparing human annotation to either the pattern-based algorithm only or 
combined with LLM (Llama-3.1-70B [8]). Our pattern-based algorithm only detects patient 
names using structured name fields. 

All our work has been performed locally within secured NHS computing infrastructure. 

Results 

Our de-identification tool is still in development, here we present performance metrics for 
names (first name, last name) and dates. We have compared the output of our de-
identification tool to 1,250 human-annotated texts for each report type (radiology or 
discharge). Preliminary results are summarised in the table below: 

 Label F1-Score  

 Radiology Pattern-based With LLM  

 First name 0.15 0.98  

 Last name <0.01 0.96  

 Dates 0.98 0.98  

 Discharge    

 First name 0.44 0.95  

 Last name 0.39 0.89  

 Dates 0.71 0.90  
 

Conclusion 

Our initial results are encouraging and demonstrate the benefit of a hybrid de-identification 
approach for our purpose. One of the strengths of LLMs is their ability to consider linguistic 
context when identifying entities such as personal names. While rule-based algorithms can 
also account for context through increasingly complex patterns, doing so often requires 
substantial domain knowledge. For example, suppressing “John” as a patient name in “St. 
John’s Hospital” would require building numerous rules to capture variations, misspellings, 
and edge cases. An LLM, however, is more likely to understand that “John” in this context 
does not refer to a person but rather a location. 

Outlook 

The output of our de-identification tool will be displayed by a privacy risk dashboard (work in 
progress) which will be used by our data governance specialists. This dashboard will help to 
assess and audit projects requesting free-text data, with different amounts of granularity: 
What data will be accessed together with the free-text data? What type of free-text data is 
requested? What are the risks associated with making de-identified free-text data available 
to researchers? The dashboard should facilitate data governance decisions, ultimately to 
enable data access by researchers.  

We will be piloting our tool and the dashboard internally, before opening it up to a wider 
audience. Our de-identification tool is open source, does not involve any model training, and 
can be deployed within moderate computing infrastructure (2x A100 GPUs). We are tailoring 
our tool to be used within other TREs. 

— 54 —



Study context 
This project was funded by DARE UK UKRI3005 (STAR-TRE project). A.C is funded by the 
Vivensa Foundation (PF2302\2). 

This work uses data collected by the NHS as part of their provision of patient care and 
support. Following exceptional approval by NHS Lothian, the analysis was done within 
secured NHS computing infrastructure managed by the DataLoch service: a partnership of 
the University of Edinburgh and NHS Lothian. The data used for this project cannot be 
requested. 
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Introduction 

Clinical prediction models are emerging across a wide range of medical fields, often with the 

goal of diagnostic classification or predicting patient outcomes. Despite their initial promise, 

an increasing body of literature raises concerns about the real-world applicability of clinical 

prediction models and calls for validation of generalisability before such models are 

implemented in clinical practice [1–3]. How do we validate whether a ‘good-performing’ 

prediction model works well in a clinical context? 

 

Training machine learning models often involves hyperparameter tuning, i.e., iterating over 

combinations of hyperparameters to find the ‘best’ combination. Usually, this tuning is 

performed to optimise the area under the receiver operating characteristic curve (AUROC). 

However, depending on the context in which the model is to be applied, different performance 

measures can be deemed more or less significant compared to others. As an example, [4] 

argue that ROC curves can be misleading and that the precision-recall curve (PRC) is more 

informative when working with imbalanced datasets. On a similar note, they highlight other 

approaches, such as the concentrated ROC curve (CROC), which explicitly emphasises 

performance in clinically relevant regions of the ROC space, e.g., at low false-positive rates 

[5]. 

In this study, we want to systematically investigate how the choice of performance metrics 

used during hyperparameter optimisation influences model behaviour, performance, and 

clinical usefulness in psychiatric prediction models.  

Methods and Data 

The study leverages a unique opportunity, namely a group of previously published prediction 

models of different clinical outcomes trained on data from the same population of patients from 

the Psychiatric Services of the Central Denmark Region [6]. The prediction models cover a 

range of different clinical outcomes, including prediction of type 2 diabetes [7], cardiovascular 

disease [8], schizophrenia or bipolar disorder [9], involuntary hospitalisation [10], physical 

restraint [11], and electroconvulsive therapy [12].  

 

The data cohort encompasses routine clinical electronic health records (EHR) data from 

patients receiving treatment in the Psychiatric Services of the Central Denmark Region from 

January 1, 2013, to November 22, 2021. Predictors were derived from the EHRs, covering 

both structured data (diagnoses, medication, lab results, etc.) and unstructured free text data 

from clinical notes.  
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Figure 1. Overview of the process for extraction and transformation of dataset and the training and testing of models. 
A) Data as extracted from the EHRs. B) Data was split into a training and a test set. C) Prediction times occurring after 

September 22, 2021 and before January 1, 2015 were removed due to lack of follow-up/lookbehind in addition to prediction 
times preceded by diagnoses of psychotic or personality disorders. D) Linked predictors such as medication class and 

diagnostic groups were grouped together. E) Predictors for each prediction time were extracted by aggregating the variables 

within the lookbehind with an aggregation function. As a result, each row in the dataset represents a specific prediction time 
with a column for each predictor. F) Clinical notes were turned into vectors using TF-IDF models and sentence transformers. G) 
Models were trained and optimised on the training set using 5- fold cross-validation. Hyperparameters were tuned to optimise 

AUROC. H) The best candidate models were evaluated on the test set. Figure and description modified from [12]. 

 

Figure 1 provides an example of the original pipeline for data extraction and transformation 

and model training and testing. This figure illustrates the pipeline used for prediction of 

electroconvulsive therapy and is adapted from [12]. Although each of the included prediction 

models is accompanied by its own version of a similar pipeline figure, the overall training 

procedure is highly overlapping across the different outcomes.  

We will follow the original model development pipelines described in the respective studies 

[7–12] with one modification, namely the hyperparameter optimisation procedure. For each of 

the outcomes, we will retrain a model using the original model class, data splits, and feature 

sets, but perform hyperparameter optimisation with respect to different performance metrics, 

such as the CROC or the PRC, rather than AUROC alone. All retrained models will be 

evaluated on the same held-out test set to isolate how the choice of optimisation metric 

influences discrimination and clinically relevant model behaviour. Evaluation will include 

predictive performance, robustness checks, and sensitivity analyses across the different 

optimisation regimes and clinical outcomes.  

 

Results and Conclusion 

This study is currently ongoing, and the results are not yet ready for publication. Preliminary 

results are expected to be ready for the conference.  
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Study Context 

Akumen commissioned by Cornwall Council Public Health, analysed sensitive coroner investigation 
materials under appropriate governance. This work supports research into constraint-driven 
inference and ontology-guided narrative analytics to detect low-prevalence, high-impact signals in 
sparse narrative environments. The methodology was developed to strengthen how narrative 
evidence informs system learning and prevention. 

Introduction  

Signals relating to risk, failure, and vulnerability in health systems are embedded in narrative records 

rather than structured datasets. Investigative reports, case reviews, and experiential accounts 

describe events, contextual conditions, service interactions, and systemic factors shaping outcomes. 

However, insight is distributed across long, heterogeneous documents that resist systematic 

analysis, leaving much clinically relevant information locked within unstructured narrative material 

(Kreimeyer et al., 2017). 

Narrative investigative records represent a high-stakes evidence source in which small signals may 

have important implications for prevention and system learning. Yet extracting those signals is 

difficult because relationships between events, actors, environments, and decisions are embedded 

within the structure and sequence of narrative accounts rather than structured data fields. 

Most healthcare text analytics relies on statistical natural language processing methods that identify 

patterns through probabilistic associations or classification models. However, these approaches can 

struggle when analysis requires preservation of meaning across complex narratives and the 

relationships they describe (Rajkomar, Dean and Kohane, 2019; Usuyama et al., 2024). 

 

This challenge is particularly evident in the analysis of suicide cases and related investigative 

documentation. Coroners’ reports contain detailed accounts of personal histories, service 
interactions, environmental conditions, and contributing factors surrounding deaths. Their volume 

and complexity make systematic analysis difficult using traditional manual approaches. In regions of 

Southwest England, approximately one person dies by suicide every five and a half days. 

Methods and Data 

The methodology structures complex narrative evidence using ontology guided, meaning based 
natural language analysis. Narrative documents are treated as structured descriptions of events, 
actors, environments, and experiences represented through explicit semantic frameworks. 
Akumen uses large language models within a governed human-led process to help identify themes 
and extract key narrative phrases from unstructured data. Agentic AI workflows refine and map these 
phrases to structured ontologies, improving thematic consistency from roughly 60% out-of-the-box 
accuracy to around 80%. Final interpretive decisions remain with human analysts, ensuring 
contextual judgement, traceability, and evidential integrity while transforming unstructured narrative 
into structured analytical evidence. 
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Akumen have developed a mental health ontology which treats mental health as a complete human 

system rather than a collection of isolated symptoms or themes. Drawing on the TRIZ Law of System 

Completeness, we developed TRACES: a systems-based framework in which mental health is 

understood through the interconnected relationship between Thought, Result, Automatic Thought, 

Character and Conduct, Emotions, and Sensing. 

A layered ontology captures key dimensions of investigative narratives including service interaction, 

psychological and social context, environmental conditions, temporal sequence, and wider system 

influences. Narrative material is processed through automated semantic extraction aligned with 

these ontology structures. 

The analytical process combines three components. Deductive ontology structures organise 

narrative evidence within a consistent semantic framework, while inductive thematic analysis allows 

additional patterns to emerge from the narratives. A human interpretive layer introduces contextual 

discernment where required, ensuring interpretation remains grounded in the source material. 

This hybrid design prioritises transparency and traceability, with extracted narrative elements linked 

to their originating text. As materials are structured, they form a cumulative evidence base enabling 

cross case comparison and multiple analytical interrogations. 

 

The methodology was demonstrated through analysis of seventy-nine coroner investigation bundles 

comprising approximately 5,600 pages of narrative documentation describing deaths involving 

complex personal, clinical, and systemic factors. Coroners’ investigations and related mortality 
review processes represent an important mechanism through which health systems attempt to 

identify contributory factors and prevent future deaths (Pudney and Grech, 2016). 

Structuring this material enables patterns of vulnerability, service interaction breakdown, and 

missed opportunities for intervention to be examined across cases in ways difficult to achieve 

through manual review or purely statistical text analysis. 

Processing was undertaken under a formal data sharing and data processing agreement between the 

client acting as Data Controller and Akumen acting as Data Processor in accordance with UK GDPR 

and relevant public sector information governance requirements. 

Results 

The analysis identified fifty-three system level themes derived through combined deductive and 

inductive thematic analysis. Deductive themes were informed by research into Regulation 28 

Reports to Prevent Future Deaths, while inductive analysis identified additional themes emerging 

from investigative narratives. 

Three new themes were incorporated into Akumen’s Assisted Mental Health Ontology, expanding 

the ontology from 92 to 95 themes. Across the dataset, more than 10,000 narrative phrases were 

extracted and mapped to thematic structures. 

These findings demonstrate the feasibility of structuring large volumes of investigative narrative 

material and establishing a basis for systematic cross case analysis of coronial records. 

Conclusion  

Health systems generate extensive narrative documentation containing important but difficult to 

analyse insight. This study demonstrates a methodology for structuring such material using ontology 

guided semantic analysis supported by hybrid human and machine processes. 

Applied to a pilot dataset of coroner investigation bundles, the approach shows that complex 

narrative evidence can be transformed into structured analytical datasets while preserving meaning, 

context, and traceability. 
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More broadly, the methodology indicates that narrative records represent an untapped intelligence 

source within health systems. Structuring these materials enables real world narrative evidence to 

be processed within transparent analytical platforms supporting system learning and improvement. 
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Introduction 

Most clinical Natural Language Processing (NLP) models extract the mentions of diagnoses without 
considering the associated ‘certainty qualifiers’ that may alter their applicability (see examples in Figure. 
1). With models extracting all the mentions of diagnoses as confirmed, there is a high risk that the 
research conducted on the extracted data, such as for public health studies, is actually based on inflated 
counts which could result in inaccurate results. While some approaches include certainty detection [1-
3] in this study we evaluated various NLP paradigms and models on the task of recognising the certainty 
qualifiers contextualising diagnoses, including implicitly mentioned qualifiers.  

 

She denies having muscle aches 

MI has been ruled out  

   Chest pain due to GERD rather than MI 

(A) 

Probable norovirus infection 

Suspected appendicitis 

Findings consistent with Pneumonia 

(B) 
 

Figure. 1. Examples of (A) negated and (B) uncertain certainty qualifiers w.r.t diagnoses 

 

The study objectives were to: 

1. Explore the accuracy of rule-based and transformer-based NLP models in extracting the 
mentions of certainty qualifiers along with diagnoses; 

2. Investigate the effects of different strategies in prompt engineering and fine-tuning; 
3. Conduct an error analysis to identify similarities and differences in misclassified cases across 

different models. 
 

Methods and Data 

The Clinical Assertion Data (CAD) [4] dataset used for this study has been developed from MIMIC III  
[5]. It has 5000 diagnosis entity mentions with corresponding mention-level certainty qualifiers 
categorised as confirmed, uncertain or negated. Around 69% of the diagnoses have been labelled as 
confirmed, ~24% as negated and ~7% as uncertain. Keeping the class distribution same across the 
split, we used 15% of the data as a test set and used the rest of it for training and development.  

We compared six models including at least one each from the major NLP paradigms: rule-based 
(MedspaCy [6]) small-scale transformer-based (BioClinicalBERT [7]) and large-scale transformer-
based language models. The latter included two general purpose LLMs, Gemma-2-8b [8],  Llama-3.1-
7b [9] and two clinical LLMs, Asclepius-7b [10] and MedAlpaca-7b [11].   

The four LLMs were tested in both zero- and few-shot [12] settings. BioClinicalBERT as well as Gemma 
and Llama were fine-tuned using the training and validation sets, with BioClinicalBERT being finetuned 
fully whereas Gemma and Llama only partially using LORA [13]. MedspaCy was tuned to the task by 
adding extra rules based on error evaluation on the training and development set.  

 

Results 

The best overall performance was achieved by fine-tuned Gemma followed by  BioClinicalBERT. 
Prompted general-purpose LLMs showed mixed results with Few-shot prompting with Gemma 
achieving relatively strong performance compared to Few-shot Llama. Prompted clinical LLMs showed 
more limited performance overall whereas rule-based model MedspaCy performed better on the 
uncertain class compared to the prompted LLMs. For comparison, we also calculated scores for a 
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random classifier and a model that predicts all cases as confirmed. See Table 1 for the best-performing 
variant for each model, with column-wise best scores highlighted.  

Table 1. Models’ results. (key to column names – C: Confirmed, N: Negated, U: Uncertain) 

 Model 
Macro F1 

score 

Micro F1 

score 

Class-wise Precision Class-wise Recall 

C N U C N U 

Common 

baselines 

Random classifier 0.2502 0.2840 0.6600 0.2300 0.0600 0.2700 0.3100 0.3200 

All Confirmed (majority class) 0.2700 0.6900 0.6900 0.0000 0.0000 1.0000 0.0000 0.0000 

Rule-based 

methods 

MedspaCy 0.6838 0.8647 0.8916 0.8304 0.5000 0.9316 0.8712 0.2041 

MedspaCy ++ 0.7648 0.8662 0.9356 0.8354 0.4697 0.8996 0.8405 0.6327 

BERT-based 

model 
BioClinicalBERT 0.8513 0.9324 0.9436 0.9620 0.6977 0.9658 0.9325 0.6122 

LLMs 

prompted 

Few_shot_ent_Gemma 0.7972 0.8838 0.9518 0.9613 0.4157 0.8868 0.9141 0.7551 

Few_shot_Llama 0.5638 0.5632 0.9489 0.9655 0.1459 0.4765 0.6871 0.9796 

Clinical LLMs 

prompted 

Zero_shot_Asclepius 0.5487 0.6500 0.8447 0.7255 0.1313 0.6624 0.6810 0.4286 

Zero_shot_MedAlpaca 0.3252 0.5926 0.6850 0.3000 0.1600 0.8269 0.0736 0.0816 

LLMs finetuned 
Gemma_org_ent 0.9172 0.9574 0.9762 0.9518 0.8039 0.9658  0.9693 0.8367 

Llama_simp_ent_role 0.8512 0.9309  0.9569  0.9458 0.6400 0.9487  0.9632 0.6531 

 
Most models exhibited largely distinct error patterns, with especially unique errors for Few_shot_Llama, 
Zero_shot_Asclepius, and the rule-based approaches. Most overlap in errors was observed between 
Few_shot_Llama and Zero_shot_Asclepius, followed by MedspaCy and MedspaCy++. Manual error 
analysis revealed some issues like models extending the scope of the qualifier beyond the actual entity, 
trouble recognising implicit qualifiers in complicated sentence structure as well as some discrepancies 
in the gold standard. 

 

Conclusion 

Our results revealed that fine-tuned Gemma performed the best on detecting negation and uncertainty 
cues, with a comparable performance from BioClinicalBERT.  

 

Study context 

The CAD dataset is available for anyone to use once they have signed the Agreement of Use with 
PhysioNet (a repository of medical research data managed by the Massachusetts Institute of 
Technology) for access to MIMIC datasets. There are no conflicts of interest. 
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Introduction 
Dementia is a global public health challenge and a leading cause of dependence and disability 
(1).  It is estimated that 78 million people will have dementia by 2030, rising to 139 million in 
2050 (1).  Large costs have been associated with the disease, placing a strain on services 
and communities (2). 
There is increasing evidence that addressing modifiable risk factors may prevent or delay 
nearly half of dementia cases (3).  Fourteen potentially modifiable risk factors have been 
identified irrespective of a person’s apolipoprotein E (APOE) genetic status, with some of 
these associated more prominently with particular periods of life (3).  Population-based policy 
can help address these risk factors (3).  Prior studies have shown a decline in the rate of 
dementia cases in higher-income countries, which may be associated with a reduction in risk 
factors due to country-level policies to improve education and reduce smoking rates (4).  Risk 
factors vary between individuals, and a targeted multicomponent risk reduction approach may 
be beneficial (3).  Identifying effective strategies to communicate modifiable risk factors across 
different cultures and settings is a research priority globally (5).  In England, a shift from 
sickness to prevention is one key shift in its new ten-year health plan (6). 
Another focus in England’s ten-year health plan is a shift from analogue to digital (6).  Machine 
learning (ML) could improve dementia prevention (7).  While most ML methods tested so far 
have not been found to outperform traditional analytical risk profiling methods (8), they may 
be more cost-effective and can cope with a greater number of variables than traditional 
approaches (9). 
Generative Artificial Intelligence (AI) is a section of unsupervised machine learning that 
creates original content from user prompts using generative models based on deep learning 
models (10, 11).  Generative AI has the potential to personalise risk reduction strategies as 
well as the communication of these to the individual.  However, ethical and practical 
considerations need to be addressed (12), a principle highlighted by NHS England (13). 
This project aims to explore how large language models (LLMs), a form of generative AI, can 
improve the identification of dementia risks and help create personalised strategies to reduce 
those risks, focusing on factors that can be modified.  This will be achieved through the 
following objectives: 

1. Synthesise the existing literature on the use of generative AI healthcare applications 
for dementia 

2. Build a generative AI prototype for personalised dementia risk profiling and reduction 
strategies with support from expert consensus for the practical and ethical guidelines 

3. Evaluate the generative AI prototype 
 
Methods and Data 
The following methods are proposed for the project: 
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Systematic Review 

The systematic review will identify and evaluate existing generative AI models applied to 
dementia.  Its application will be evaluated, as well as identifying any challenges or 
opportunities that arise. The findings from the systematic review will inform the initial scoping 
for the LLM requirements as well as the design of the Modified Delphi Consensus Study.  
The review has been registered on PROSPERO (CRD420261306781) which provides more 
information on the protocol.  The review will be documented following PRISMA reporting 
guidelines (14). 
Modified Delphi consensus study 

A panel of experts will be engaged to achieve consensus on the design considerations for the 
prototype.  The results will be used to develop the LLM requirements.  A protocol will be 
finalised and published prior to commencing and the study design will follow the ACCORD 
reporting guidelines for consensus methods (15). 
Like other Delphi studies (16, 17), a steering group will be established which will help steer 
the study process and finalise various study decisions and issues.  This will include agreeing 
on the consensus threshold, criteria for dropping or refining statements, identifying panellists 
to take part in the study, organisations to approach, providing input into an initial ‘round 0’ 
workshop and reviewing results between rounds.  Ideally, the steering group would include 
members of the project’s supervisory team who can provide expertise from a clinical and 
technical perspective, and public patient involvement and engagement (PPIE) representation. 
Panel members will be representatives from patient advocacy groups or experienced 
caregivers, PPIE, clinicians (psychiatrists, neurologists, geriatricians), researchers in 
dementia risk and prevention, and those with healthcare technology expertise.  Panellists will 
be recruited using a purposeful approach through the steering group identifying individuals 
with relevant expertise and experience.  Additionally, an open advert will be shared with 
relevant organisations including UK Brain Health Coalition, DEMON network and The 
European Brain Research Area (EBRA) Consortium, Alzheimer’s Society and Dementia UK.  
This may help to improve the representativeness of the panel.  An initial screening process 
will be developed to ensure that the prospective participants had sufficient experience or 
expertise to contribute. 
The study will aim to recruit around 70 panellists.  Due to the required heterogeneity of the 
panel due to the topic, a panel size between 60 and 80 may be sufficient to represent different 
stakeholder groups and help stabilise results (18).  While there is no set number of participants 
for a Delphi study, most studies recruit into the double digits and would aim to account for a 
potential dropout rate around 19% (19).  A round zero workshop is planned to mitigate some 
of the dropout rate by setting expectations of involvement and promoting engagement. 
An initial online workshop (round zero) will be organised to provide participants with further 
context of the study and to gather feedback to inform the survey content for round 1.  Up to 
three Delphi rounds have been planned within the timeline.  Three rounds are deemed optimal 
to retain panel engagement and allow for feedback (19), and would be feasible within the time 
constraints of the project. 
The timeframe for responses from participants will be two weeks.  A further two weeks will be 
used to evaluate the responses and refine the survey for the following round.  The planned 
timeline would be shared at the online workshop and with any recruitment information 
circulated. 
The initial online workshop will focus on gathering feedback on how LLMs could be designed 
appropriately to support dementia prevention and risk profiling workflows.  A previous Delphi 
study highlighted the importance of evaluating the implementation of LLMs, not just testing 
their potential (20). A recent systematic review highlighted design limitations of LLMs for 
patient care which included a lack of optimisation for medical use, misunderstanding medical 
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information and terms, lack of context on the training data used, explainability of black-box 
algorithms and concerns over the lack of self-validation of models (21).  Open questions 
related to design requirements will be needed to ensure a dementia prevention LLM 
application would be acceptable for patients and their family and/or caregivers, and usable for 
clinicians.  Initial questions might be: 

 What should a computer program be able to do (and not do) in dementia prevention 
and risk profiling? 

 Where would a dementia risk and prevention tool fit into current dementia screening 
and prevention workflows? 

 What would make a dementia risk and prevention tool practical to use? 

 What information should a dementia risk and prevention tool provide to clinicians to 
support decision-making? 

 What evidence would you need to see before trusting a computer program for 
dementia risk profiling? 

 What would make patients feel confident that a computer program is providing 
trustworthy information? 

The final design will be confirmed by the steering group guiding the study and piloted to 
consider appropriate wording and whether framing the questions with scenarios might be 
appropriate.  Additionally, a key terms glossary to support any layperson involvement will be 
provided.  It is likely that a five-point Likert scale or similar will be used with an additional option 
for ‘don’t know’ to allow for non-response if someone on the panel feels unable to respond to 
a particular statement.  A free text field would be provided at the end of the survey for panel 
members to include any additional information or feedback.  The survey will be set up and 
distributed in a survey design platform such as Qualtrics or similar (22). 
Custom LLM development 

A custom large language model will be developed using an open-source base model and the 
feedback from the Modified Delphi Consensus study. It will be finetuned with domain-specific 
training data and feature a bespoke interface. It will analyse complex clinical features and 
patient-generated narratives to identify modifiable risk factors and generate personalised risk 
reduction strategies and recommendations. 
The latest stable version of Meta Llama has been planned to use as the foundation model.  
Currently, this is Llama 4.  Llama is a foundational model available under a bespoke 
commercial license which provides a royalty-free limited license to copy and modify subject to 
attribution and an acceptable use policy (23, 24).  It can be hosted locally, run and provides 
the developer with control over who can access the inputs and outputs (25).  This is important 
to comply with the End User Licence (EUL) Agreement for the proposed data source (26).  A 
base model which is freely accessible and provides control over the way any data is stored is 
likely to be required for the prototype’s design considerations as well (21).  Using a local copy 
of the base model will avert issues arising from unplanned updates. 
The English Longitudinal Study of Ageing (ELSA) has been identified as a potential data 
source to use for the study (27).  The longitudinal study began in 2002 and focuses on 
economical, health, wellbeing and social contexts in the English population aged 50 and older 
with follow-up interviews every two years, described as waves, to track changes over time 
(28).  Waves 1-11 can be downloaded through the UK Data Service, which the University of 
Exeter can access as part of the UK Access Management Federation (UKAMF) (29).  It is a 
safeguarded data collection which can be downloaded by accepting the EUL agreement.  This 
data source has been selected due to the variety of data it provides relating to many of the 
potentially modifiable risk factors for dementia as well as its availability and EUL agreement 
ensuring that it is acceptable to use and available within the required timeframe. 
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ELSA provides a weighting strategy to adjust for variations in selection probability and non-
response for both longitudinal and cross-section analysis of waves based on analysing 
demographic variables against household population in England, excluding those living in 
institutions (28).  For longitudinal analysis, this is available for participants who have remained 
in the study in every wave or through waves 4 to 11.  This could be a preprocessing mitigation 
to create a more representative training dataset for the prototype (30) where the weights have 
already been calibrated by the ELSA team. 
Model evaluation 

The prototype will be assessed based on its acceptability, feasibility, and initial performance, 
specifically regarding its usability, capacity to identify risks and convey effective risk reduction 
strategies. Its performance will be compared to alternative methods and will incorporate 
feedback from healthcare professionals and the public. 
 
Results 

This project plans to obtain results through the following: 
Systematic review findings.  The systematic review will synthesise existing direct applications 
of generative AI in dementia, as well as considering the challenges and opportunities 
addressed by these studies. 
Delphi consensus study.  The Delphi study will help form a consensus on the design 
considerations of an LLM prototype designed for dementia risk reduction from a 
multidisciplinary panel of experts.  The results of individual rounds will be reported using the 
consensus threshold, agreement gradings and analysis of any free text comments within the 
survey.  Any revisions or dropped statements would be reported.  The results will inform the 
LLM build. 
LLM evaluation.  The final model will gain an initial evaluation through PPIE and clinician 
feedback considering its usability and acceptability.  The technical performance and bias will 
be tested and benchmarked with an established dementia risk assessment. 
 
Conclusion 

This project aligns well with international and national efforts to identify approaches to mitigate 
personalised dementia risk though individualised prevention strategies.  Additionally, it aligns 
with the 10 Year health plan for England to shift from analogue to digital (6).  The 
methodologies selected are designed to produce an informed prototype through prior research 
findings and stakeholder engagement and could form the basis of further research into 
designing and implementing this type of tool into the dementia care pathway. 
 
Study context 
Ethics is not required for the systematic review and Delphi consensus study due to the study 
design.  Initial feedback on the LLM prototype is planned through PPIE and clinician feedback.  
The university ethics team will be consulted to check whether approval is required for this 
aspect of the project. 
This PhD project is funded by the NIHR Three Schools Dementia programme (reference: 
5100) (31). 
PPIE is planned for the Delphi study and LLM build.  PPIE representation is planned for joining 
the Delphi study steering group, as well as providing feedback on the LLM development and 
initial evaluation.  Delphi panel members will be representatives from patient advocacy groups 
or experienced caregivers, PPIE, clinicians (psychiatrists, neurologists, geriatricians), 
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researchers in dementia risk and prevention, and those with healthcare technology expertise.  
A full list of organisations to contact with an open advert to take part will be available in the 
protocol once finalised. 
The systematic review is registered on PROSPERO (CRD420261306781) and the Delphi 
study protocol will be available on Open Science Framework once agreed by the steering 
group.  The planned dataset to finetune the LLM, ELSA, is available through the UK Data 
Service for institutions part of the UK Access Management Federation (UKAMF) (29).  The 
LLM build and evaluation method will be made available as well. 
The supervisory team for this project is led by Professor David Llewellyn, Professor of Clinical 
Epidemiology and Digital Health at the University of Exeter Medical School.  The rest of the 
supervisory team are Professor Chris Fox, Professor of Clinical Psychiatry and NIHR Senior 
Investigator at the University of Exeter Medical School, Professor Carol Brayne, Professor 
Emeritus and Senior Visiting Fellow in the Department of Psychiatry at the University of 
Cambridge, and Dr Hang Dong, Lecturer in Computer Science at the University of Exeter. 
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1 Introduction

Electronic health records (EHRs) contain detailed narratives documenting patient history, diag-

nosis, treatment, and follow-up plans [1, 2, 3, 4]. Discharge notes are a critical component of

EHRs, providing clinicians with an overview of a patient’s hospital stay and supporting continu-

ity of care [5]. However, discharge notes are often lengthy and unstructured, which hinders rapid

interpretation in time-constrained clinical settings [6, 7, 8].

Hypertension is a common comorbidity among intensive care patients in the MIMIC database,

with management typically documented in discharge summaries that include blood pressure tra-

jectories, antihypertensive regimens, and follow-up recommendations [9]. Most existing bench-

marks, however, are phenotype-agnostic and often use discharge instructions as the reference

summary rather than a coherent summary written specifically for the case [10].

To address this gap, PAIR-SUM is introduced as a curated dataset of hypertension-focused

discharge note summaries derived from MIMIC. Each discharge note is paired with a specialist-

written summary by a hypertension expert. This dataset enables evaluation of multiple medical

large language models (LLMs) and a general domain models to determine whether biomedical

pretraining improves the capture of clinically relevant information in hypertension-related dis-

charge notes.

2 Methods

2.1 Dataset and Annotation

Twenty-seven discharge notes related to hypertension were curated from the MIMIC clinical

database [5]. Each note was paired with a gold-standard summary written by a hypertension

specialist. The summaries are organized into five clinically relevant sections: demographics,

medications, brief hospital course, vital signs, and laboratory testing results. These sections

capture the essential information required for hypertension management and follow-up care.

Although limited in scale, PAIR-SUM provides high-quality expert annotations and serves

as a focused benchmark for disease-specific clinical summarisation.

1
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Baseline Prompt Structured Prompts

Model ROUGE BERT RaTE RG-XL ROUGE BERT RaTE RG-XL

KnowMedPhi 0.171 0.791 0.459 0.053 0.222 0.849 0.520 0.115

MedGemma-27B 0.213 0.819 0.418 0.048 0.207 0.833 0.450 0.079

MedGemma-4B 0.171 0.720 0.430 0.062 0.165 0.826 0.471 0.067

MediPhi 0.187 0.827 0.471 0.040 0.188 0.826 0.469 0.086

Phi-3.5-mini 0.196 0.847 0.483 0.059 0.179 0.840 0.500 0.098

Table 1: Baseline single-prompt vs structured prompting across representative models. Metrics

include ROUGE-L (ROUGE), BERTScore (BERT), RaTEScore (RaTE), and RadGraphXL com-

pleteness (RG-XL).

2.2 Models

Several medical LLMs were evaluated, including MedGemma, MediPhi, and KnowMedPhi [11,

12]. The baseline general domain models, Gemma and Phi-3.5-based models, were evaluated

[13, 14]. Models were evaluated using two prompting strategies. The baseline setting generates

a complete summary using a single prompt applied to the entire discharge note. In contrast, the

structured prompting setting decomposes the task into multiple prompts, each targeting a specific

clinical section such as medications, vital signs, or laboratory results.

2.3 Evaluation

Model outputs were assessed using both lexical metrics and clinical metrics. Lexical evaluation

metrics include ROUGE-L for lexical overlap and BERTScore for semantic similarity [15, 16].

To better capture clinically meaningful correctness, additional medical report evaluation metrics

were employed, including RaTEScore and RadGraph-XL, which more accurately reflect clinical

entity and relation fidelity than general summarisation metrics [17, 18].

3 Results

Structured prompting consistently improved summarisation performance across models (Table 1).

For example, KnowMedPhi achieved a BERTScore of 0.8486 and a RaTEScore of 0.5200 us-

ing sectioned prompts, compared with 0.7911 and 0.4594, respectively, under the single-prompt

baseline. Improvements were particularly notable for RadGraph-XL, where scores more than

doubled, indicating enhanced preservation of clinically meaningful entity relationships.

Domain-adapted biomedical models demonstrated the strongest performance on clinically

grounded metrics across all evaluated models. Conversely, several general-purpose medical

LLMs exhibited greater performance declines under the baseline prompting strategy, indicating

increased difficulty in identifying hypertension-relevant information within lengthy discharge

narratives.

4 Conclusion

PAIR-SUM is presented as a pilot benchmark for hypertension-focused discharge note summari-

sation with expert-annotated reference summaries. Experimental results indicate that decom-
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posing summarisation into clinically meaningful sections substantially improves performance,

particularly for metrics reflecting clinical correctness. Domain-adapted biomedical models such

as KnowMedPhi further enhance the capture of hypertension-relevant information. These find-

ings highlight the importance of structured prompting and domain adaptation for reliable clinical

summarisation.

5 Study context

This study was conducted in strict compliance with the data usage agreements outlined by Phy-

sioNet for the use of the MIMIC. Adhering to these agreements ensured that all patient data

remained secure and confidential throughout the research process. The authors kindly acknowl-

edge funding from a PAIR (Population AI Research programme) EPSRC grant (UKRI2701).
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Introduction 

Machine learning models can uncover patterns in health data that may help enable earlier 

detection adverse events and more timely intervention [1, 2, 3, 4]. Despite the promising 

potential of machine learning in clinical settings, such models risk inheriting biases present in 

the underlying data, potentially perpetuating or even exacerbating existing health disparities 

[5, 6, 7]. In medicine, bias can refer to systematic neglect of demographic groups, stereotyped 

assumptions about their health, behaviours, or needs, or failure to account for group-related 

aspects of conditions, such as presentation, prevalence, and progression [6]. 

Delineating clinically meaningful group differences and harmful biases is therefore essential. 

While stratification of endogenous group differences could improve performance and provide 

focused, personalised outcomes, mirroring unwanted imbalances in data could sustain or 

even amplify existing biases. For instance, sex differences in health data are well-established 

and numerous, including imbalances in prevalence, risk factors, and symptomatology [8, 9, 

10]. At the same time, both sexes also experience unequal treatment in healthcare, and these 

disparities can prove serious or even fatal [11, 12]. Without careful examination of model 

behaviour across demographic groups, machine learning systems risk silently reproducing 

and perpetuating biases in healthcare and thereby contributing to continued health disparities. 

This project therefore aims to investigate whether machine learning models predicting clinical 

outcomes among patients receiving hospital treatment for mental illness exhibit bias across 

protected attributes, including age, sex, and geographical location. 

 

Methods and Data 

The study utilises electronic health record data from the PSYchiatric Clinical Outcome 

Prediction (PSYCOP) cohort, which includes almost 120,000 patients from Central Denmark 

Region [13]. The dataset includes structured clinical information such as prior diagnoses, 

hospital contacts, and pharmacological treatment, as well as predictors derived from free-text 

clinical notes. 

Multiple clinical prediction models have been developed using the PSYCOP cohort. The 

outcomes include diabetes [1], cardiovascular disease [2], schizophrenia or bipolar disorder 

[4], involuntary hospitalisation [3], physical restraint [14], and electroconvulsive therapy [15]. 

The models employ well-established algorithms, such as gradient boosted decision trees 
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(XGBoost) and logistic regression, recognised for their efficacy in tabular clinical prediction 

tasks [16, 17]. 

This project will investigate performance of these models across protected attributes, including 

age, sex, and geographical location. Performance discrepancies between groups will be 

quantified using various fairness definitions, such as equal odds ratio or predictive parity [18, 

19, 20]. Different metrics emphasise different aspects of bias: for instance, one metric might 

penalise discrepancies in false negatives more heavily than differences in false positives. 

Therefore, examining multiple metrics allows for a more nuanced assessment of model 

behaviour across demographic groups. 

In clinical settings, the way in which models are wrong is often critical. For instance, false 

positives in breast cancer screening may lead to unnecessary stress, invasive procedures, or 

even surgeries in otherwise healthy patients [21]. Conversely, in colonography, the cost of 

false positives is negligible in comparison to the cost of false negatives [22]. Therefore, the 

fairness assessment will consider how different types of prediction errors are distributed 

across different demographic groups, taking into account the clinical context of each prediction 

task. 

Observed performance differences across demographic groups will be interpreted by 

juxtaposition with medical knowledge of group differences in prevalence, biological 

mechanisms, and clinical presentation. This contextualisation aims to delineate discrepancies 

reflecting clinically meaningful variation harmful biases embedded in the data or modelling 

process. 

 

Results 

Results are currently being finalised and will be presented for the first time at HealTAC 2026. 

 

Conclusion 

This project will examine potential biases in clinical prediction models trained on electronic 

health record data, by evaluating performance across protected attributes using multiple 

metrics. The included models predict outcomes covering both psychiatric and somatic clinical 

events, allowing evaluation across a range of clinically relevant scenarios, and include 

features derived from free-text clinical notes. Observed group discrepancies will be contrasted 

with clinical knowledge to help distinguish clinically meaningful signal from harmful bias, 

aiming to support responsible deployment of machine learning in healthcare. 

 

Study context 

The study was approved by the Legal Office of the Central Denmark Region in agreement 

with the Danish Health Care Act §46, Section 2. The Danish Committee Act exempts studies 

based solely on EHR data from ethical review board assessment (waiver for this project: 1- 

10-72-1-22). Handling and storage of data complied with the European Union General Data 

Protection Regulation. The project is registered on the list of research projects having the 

Central Denmark Region as data steward. 

There was no patient nor public involvement in this study. 
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Due to the personally sensitive nature of the data used for this study, it cannot be shared 

according to Danish law. The accompanying code will be available at github.com/Aarhus-

Psychiatry-Research/psycop-common.  

Østergaard reported receiving grants from The Lundbeck Foundation (grant No. R358-2020-

2341), and Independent Research Fund Denmark (grant Nos. 7016-00048B and 2096-

00055A); receiving the 2020 Lundbeck Foundation Young Investigator Prize; owning/having 

owned units of mutual funds with stock tickers DKIGI, IAIMWC, SPIC25KL, DKIEUIXBNP and 

WEKAFKI; and owning/having owned units of exchange traded funds with stock tickers BATE, 
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1 Introduction

Metaphors play a central role in expressing complex and emotional experiences [1, 2, 3], yet

their automatic detection remains a challenging problem in NLP [4, 5, 6]. Cancer discourse is

particularly rich in metaphors, as patients and carers draw on figurative language to describe

diagnosis, treatment, and survival [7, 8]. In cancer narratives, metaphorical language is common

but challenging to detect automatically. This study leverages collocations (patterns of words

that frequently occur together) to identify metaphors (see Figure 1). Based on the distributional

hypothesis, which posits that a word’s meaning is determined by its context, collocations provide

a simple, interpretable, and context-driven method for detecting figurative language, without

relying on complex models.

Some days I can feel the battle inside my body getting harder to endure.

She is prepared to fight this cancer with courage and determination.

Even when it is hard to fight the side effects she refuses to give up.

Now I have disease and chemo needs to fight it.

It is the worst enemy we have faced in years.

We must and beat this enemy to survive together.

What a roller coaster and you haven’t started treatment yet.

There are powerful therapies to wage in the war against this disease.

Figure 1: Examples of ±4 token sliding windows around metaphor seeds in cancer discourse.

2 Methods and Data

Narratives were extracted from the HealthUnlocked1 platform, specifically focusing on ovar-

ian and prostate cancer communities. We implemented three complementary approaches for

1
HealthUnlocked available at https://healthunlocked.com

1
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metaphor detection in these narratives, building on the principle of collocational context as de-

scribed above. (a) Lexicon-based detection: Narratives were segmented into sentences and

scanned for exact matches with lexicon entries. When a match was found, surrounding collo-

cations (frequent co-occurring words or phrases) were extracted to construct the corresponding

metaphor expression set. (b) Hybrid detection (lexicon + pattern expansion): To improve cov-

erage, the lexicon method was extended with regular expression (regex) rules and fuzzy string

matching. This enabled detection of morphological variants (fighting, fought), orthographic vari-

ation, and flexible phrasing (e.g., ready for the fight, fighting this battle). Instead of a fixed

token window, the method relied on collocational patterns to capture meaningful contextual co-

occurrences. By combining exact, regex, and fuzzy matches, this approach improves recall while

maintaining interpretability. (c) Embedding-based detection: We further implemented a se-

mantic similarity approach using sentence-transformer embeddings. Candidate phrases from

narratives and lexicon entries were encoded into a shared vector space, and cosine similarity

was computed to identify semantically related expressions. This method captures indirect or

novel metaphorical language beyond surface lexical overlap, allowing detection of emerging or

creatively rephrased metaphors while still leveraging underlying collocational context.

3 Results

Two annotators independently labelled 100 sentences for metaphorical usage across six domains.

Inter-annotator agreement was high, with a mean agreement of [94.96%]. Agreement per cate-

gory was as follows: battle (100%), fight (98%), roller coaster (94%), enemy (93.75%), and both

journey and war (92%). This indicates strong reliability of the metaphor labels and provides a

stable reference for evaluating automatic detection methods.

A total of 120 manually annotated sentences were evaluated for metaphorical usage. At the

sentence level, both the lexicon-based and hybrid approaches achieved complete detection cov-

erage, identifying all 120 sentences (100%). The embedding-based approach detected 98 out of

120 sentences, corresponding to 81.7% coverage. Method agreement analysis showed that all

three approaches converged on 98 sentences (81.7%). The remaining 22 sentences (18.3%) were

detected only by the lexicon and hybrid approaches, while no sentence was uniquely identified by

the embedding-based model. These results indicate that the embedding approach was more se-

lective and missed a subset of cases captured by surface-based methods. Overall, the lexicon and

hybrid methods demonstrated maximal recall in this unsupervised setting, while the embedding

model showed strong but comparatively lower coverage.

4 Conclusion

This finding highlights that accurate metaphor detection in specialised domains does not nec-

essarily require supervised learning or complex neural architectures. Instead, domain-informed

collocation design provides a scalable, cost-effective, and transparent solution, particularly in

contexts where manual annotation is expensive or limited.

2
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5 Study Context

Ethical approval was granted for the secondary analysis of previously analyzed datasets from

open and closed online forums, particularly those discussing sensitive topics like cancer treat-

ment. This study is part of a larger multilingual, multinational research project2, with each

partner applying the analysis in their respective organization or country. The aim is to improve

the cancer patient journey by ensuring personal preferences are considered during treatment dis-

cussions with medical professionals, supporting informed care choices at all stages of disease

and treatment.
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Table 1: Examples of cancer narrative sentences with cues driving analytical (Linguist/NLP) vs.

experiential (PPI/HLT) role annotations. Key cues are bolded.
Narrative Analytical Role Cues

(Linguist/NLP)

Experiential Role Cues

(PPI/Healthcare)

Annotation Pattern

You will get through; try not to

be afraid; it’s our enemy.

afraid, enemy → lexical

markers of fear

get through, try not to

be afraid → support-

ive, resilience-oriented

phrasing

Disagreement: fear

vs. trust/anticipation

We fight cancer; it is a disease but

think of it as the enemy.

fight, enemy → combat

metaphor → fear

think of it as → fram-

ing disease as manage-

able, promotes trust

Disagreement:

anger/fear vs.

trust/anticipation

It becomes a bit of a roller coaster

but I’ve just finished my 6th

chemo and 2 lots of surgery for

stage 3...looking very good

roller coaster, stage 3,

chemo, surgery → high-

risk events → fear

finished, looking very

good → signals hope,

progress → anticipa-

tion/trust

Disagreement:

fear/joy vs. anticipa-

tion/trust

1 Introduction

Large Language Models (LLMs) are increasingly used for automated annotation in NLP, par-

ticularly for large-scale dataset construction [1, 2]. While LLMs perform well in objective

tasks, subjective tasks like emotion detection remain challenging. Personal narratives, especially

in health contexts, often contain subtle emotional cues embedded in figurative speech, multi-

emotion expressions, or supportive and coping language (see Table 1) which complicate inter-

pretation [3, 4, 5]. These cues can signal different emotions depending on perspective, making

annotation inherently context-dependent. If prompt design shifts model outputs, LLM-generated

annotations may reflect interpretive or contextual bias rather than stable semantic understand-

ing. This study investigates the impact of role-conditioned prompting on emotion annotation in

cancer narratives1, assessing how assigning different roles to the same LLM influences labelling.

1
Code available at https://drive.google.com/file/d/1TpuTsP5vfgkVspn8Yw5PdPFxOY-sIJec/

view?usp=sharing
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2 Methods and Data

The dataset includes 90 cancer-related narrative sentences extracted from HealthUnlocked2, an-

notated using four role-conditioned prompts: Linguist, NLP Researcher, Healthcare Professional

(HLT), and Patient and Public Involvement (PPI) member. Each prompt instructed the model

to assign a single dominant emotion from Plutchik’s taxonomy [6], producing 360 role-specific

labels. Annotation consistency was evaluated by identifying total agreement (all four roles as-

signed the same label) versus disagreement (at least one differing label). Disagreement cases

were further examined through pairwise role comparisons to assess how prompt perspective af-

fects LLM (GPT3.5) emotion labeling, highlighting the influence of role conditioning on subjec-

tive interpretation.

3 Results

Across 90 cancer narrative sentences annotated using four role-conditioned prompts (Linguist,

NLP Researcher, Healthcare Professional, and PPI member), 54 sentences (60%) showed full

agreement, indicating that narratives with explicit emotional cues or a single dominant emotion

are robust to role conditioning. The remaining 36 sentences (40%) showed disagreement, primar-

ily in narratives containing metaphors or mixed emotional cues. For example, Table 1 showcases

how lexical signals influence tag annotation. In combat metaphors, such as Example 1 and 2 in

Table 1, analytical roles (Linguist, NLP Researcher) labeled fear or anger in 75–80% of cases,

focusing on lexical cues (e.g., afraid, enemy, fight), while experiential roles (PPI, Healthcare)

assigned trust, anticipation, or joy in 60–65%, emphasizing resilience and coping context. Simi-

larly, in journey or roller-coaster metaphors (12 sentences, ≈ 13%), analytical roles assigned fear

in 67%, whereas experiential roles favoured anticipation or trust in 58%. Pairwise comparison

further showed higher agreement between Linguist and NLP Researcher (82%) than between PPI

and Healthcare Professional (69%), indicating greater interpretive variability in experiential per-

spectives. Overall, these results show that LLM role conditioning shapes emotion annotation: it

maintains agreement for explicit emotions but produces divergence in metaphorical or complex

narratives, suggesting that such cases may benefit from multi-label or probabilistic annotation

frameworks.

4 Conclusion

This study shows that emotion annotation is strongly influenced by interpretive cues and role

perspective. While 60% of sentences produced consistent labels, metaphorical or contextual

cues led to divergent annotations. Analytical roles focused on lexical cues, whereas experiential

roles emphasised resilience and context, introducing systematic bias in emotion labelling. These

patterns reflect variability observed in human annotations, highlighting that subjective annotation

tasks are perspective-dependent. Therefore, cue interpretation and role bias should be considered

in automatic emotion annotation. Future work will extend this study to larger datasets and involve

human annotators in the same roles to examine real-world differences in interpretation.

2
HealthUnlocked available at https://healthunlocked.com
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5 Study Context

Ethical approval was granted for the secondary analysis of previously analyzed datasets from

open and closed online forums, particularly those discussing sensitive topics like cancer treat-

ment. This study is part of a larger multilingual, multinational research project3, with each

partner applying the analysis in their respective organization or country. The aim is to improve

the cancer patient journey by ensuring personal preferences are considered during treatment dis-

cussions with medical professionals, supporting informed care choices at all stages of disease

and treatment.
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1 Introduction

Clinical coding is the process of translating free-text descriptions in patients’ Electronic Health Records (EHRs)

into standardized codes. Researchers have increasingly developed methods that provide reliable explanations, often

by extracting short text snippets (rationales) using attention mechanisms. For the evaluation of these explanations,

some prior studies rely on physicians’ assessments, while others use the only existing rationale-annotated resource,

MDACE [1], which suffers from a substantial label distribution shift compared to the original MIMIC-III [2] labels.

In this work, we aim to quantitatively evaluate rationales through plausibility and investigate approaches for

learning to recognize them. To this end, we introduce a new rationale dataset based on MIMIC-IV, evaluate three

types of rationales, and propose rationale learning approaches supervised by LLM-generated weak rationale labels

(LLM-guided), both with and without few-shot prompting.

2 Methods and Data

Rationale Dataset Construction We introduce a new rationale dataset RD-IV-10 derived from MIMIC-IV and

aligned with the ICD-10 coding system. It includes detailed annotations capturing richer rationales supporting each

code assignment, such as direct and indirect mentions, medications, and other pertinent clinical factors.

Evaluation of Three Types of Rationales (1) naive entity-level rationales derived from an entity linking dataset

[3] (Entity-Linking); (2) strong LLM-generated rationales (Gemini 2-Flash/1.5-Pro, LLaMA-3.3 Ins/AWQ); and

(3) rationales generated by ICD coding models based on higher attention weights (CAML, LAAT, PLM-ICD).

LLM-Guided Rationale Learning (a) Multi-objective Learning: One way to embed rationale learning into ICD

coding is to incorporate another learning objective alongside the primary classification objective of the ICD coding

model. (b) Learning by NER Formulation: An alternative approach to enable both rationale and ICD code learning

is to leverage the rationale labels provided by LLMs to train a NER model. (c) Enhanced Supervision by Few-shot

Prompting: We further incorporate a small amount of example annotations provided by our constructed rationale

dataset into the prompts of Gemini 2-Flash. The rationales generated are then used to supervise the rationale

learning.

Evaluation Approach It measures how convincing the rationales appear to people (plausibility) by Exact Span

Match, Position Independent Span Match, Exact Token Match, and Position Independent Token Match. The eval-

uation is conducted at both the document level and the single-code level (top 5 ICD-10 codes), reflecting the

plausibility of rationales across all codes and for individual codes within each document.

1
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3 Results

Table 1: Plausibility of three types of rationales.

Model / Code Settings Exact SM PI SM Exact TM PI TM

Document-level Evaluation

Entity-Linking – 10.3 9.2 6.3 6.1

Gemini 2-Flash – 21.6 24.1 30.1 37.3

Gemini 1.5-Pro – 13.5 14.6 20.6 26.0

LLaMA-3.3 Ins – 18.6 21.5 27.8 35.0

LLaMA-3.3 AWQ – 17.5 20.1 27.2 34.1

CAML 200 0.1 0.2 3.1 6.5

LAAT 200 0.7 0.8 5.0 7.2

PLM-ICD 200 0.5 0.7 4.3 8.8

Code-level Evaluation (Gemini 2-Flash)

I10
w/o 50.3 63.1 27.0 32.2

w/ 60.5 78.2 53.8 66.4

E785
w/o 62.5 76.6 50.2 59.7

w/ 73.2 89.5 66.7 78.2

Z7901
w/o 9.0 9.7 35.8 43.3

w/ 13.0 16.8 45.8 54.8

I4891
w/o 11.8 16.7 28.0 34.8

w/ 24.7 36.9 47.9 56.2

E119
w/o 40.8 48.8 36.2 37.4

w/ 44.2 52.9 43.6 44.8

Table 2: Plausibility of LLM-guided supervised ap-

proaches.

Model Settings Exact SM PI SM Exact TM PI TM

Document-level Evaluation

PLM-ICD 50 2.7 3.0 9.5 12.2

Multi-objective 50 3.9 4.1 10.6 13.2

PLM-ICD 50 4.1 4.3 8.1 12.0

Gemini 2-Flash – 18.2 23.0 29.4 31.4

NER – 26.5 30.6 21.8 27.0

Code-level Evaluation (NER)

I10
w/o 55.4 76.9 55.8 75.3

w/ 62.5 85.2 64.9 86.2

E785
w/o 67.9 85.5 61.6 75.2

w/ 70.3 87.0 63.0 76.3

Z7901
w/o 10.3 13.8 25.5 38.6

w/ 10.8 12.0 22.5 40.7

I4891
w/o 22.2 37.7 38.5 48.8

w/ 26.1 43.3 40.7 54.5

E119
w/o 49.4 62.0 53.2 62.4

w/ 45.8 58.5 49.7 60.2

Table 3: Dataset statistics.

Statistics RD-IV-10 MDACE

No. documents 150 354

Tokens / doc 1690.63 1837.27

Codes / doc 14.82 / 16.15 11.57 / 17.54

Code overlap 93.15% / 83.88% 37.00% / 14.59%

No. codes 2223 / 2422 4096 / 6208

No. distinct codes 989 / 1044 1195 / 1381

No. annotations 5391 4992

Annotations / doc 35.94 14.10

Tokens / annotation 5.44 2.13

Table 4: ICD coding performance.

Model F1-Mac F1-Mic P-Mac P-Mic R-Mac R-Mic

PLM-ICD 68.18 73.40 68.71 73.48 69.38 73.33

Multi-objective 67.93 73.26 67.60 72.66 69.53 73.87

PLM-ICD 61.09 68.18 60.06 67.62 63.90 68.76

NER 53.46 67.75 49.21 60.93 61.79 76.30

Quality of Dataset: As shown in Table 3, the annotations in RD-IV-10 much closely match the original

distribution of the ICD coding dataset compared to MDACE.

Evaluation of three Types of Rationales: Table 1 presents the plausibility results of three types of rationales.

It shows that model-generated rationales yield very low metric scores, which indicates that they do not align with

human explanations. Entity-level rationales rank second, while LLM-generated rationales perform the best, with

Gemini 2-Flash achieving the highest scores. The results on the five most frequent codes indicate that incorporating

examples yields substantial improvements in F1 scores across all five codes.

LLM-Guided Rationale Learning: Supervised by weak rationale labels generated by Gemini 2-Flash, the

multi-objective learning approach does not degrade ICD coding performance (Table 4); instead, it improves plausi-

bility by approximately 1% (F1) (Table 2). For the NER approach, there exists a clear trade-off between prediction

accuracy and rationale plausibility, e.g., 12.49% lower in coding performance (F1-macro) but on average 363%

higher plausibility than PLM-ICD. Table 2 shows that the NER formulation is effective for rationale recognition

for specific single code. It significantly outperforms the teacher models (w/o results in Table 1) across all codes

and metrics.

4 Conclusion

In this study, we introduce a rationale dataset specifically designed for ICD coding. We evaluate the plausibility

of three types of rationales, among which Gemini 2-Flash achieves the best performance. We examine LLM-

guided rationale learning approaches, where the NER formulation demonstrates strong potential, as both coding and

rationale extraction tasks can be unified under a single NER framework. This approach achieves the highest span-

level plausibility. Moreover, incorporating human-annotated examples from our dataset into prompts enhances both

rationale generation and rationale learning process.

2
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5 Study context

The datasets used in this work, MIMIC-III and MIMIC-IV, are publicly available and require authorizations for

access from PhysioNet. The PhysioNet Credentialed Data Use Agreement prohibits sharing access to the data with

third parties, including sending it through APIs provided by companies like OpenAI, or using it in online platforms

like ChatGPT. We use Google Gemini suggested by PhysioNet in building the GPT-generated rationales, which

doesn’t use the prompts or its responses as data to train its models.
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Introduction 

Large language models (LLMs) are increasingly discussed as scalable interfaces for mental-
health support, particularly in contexts where demand for care exceeds service capacity. 
However, the evidence base for mental-health chatbots and conversational AI remains 
uneven, and the methodological basis for evaluating patient-facing systems is still 
underdeveloped [1, 2]. Existing work has shown both the promise and the limitations of 
chatbot-based mental-health support, while recent analyses of clinical LLMs have stressed 
that high-stakes behavioural-health applications require more careful, staged, and safety-
aware evaluation than generic conversational systems [3]. 

A central limitation in current evaluation practice is that patient-facing systems are often judged 
through narrow notions of helpfulness, usability, or immediate symptom-related benefit. Such 
criteria do not adequately capture whether a model preserves user autonomy, calibrates trust 
appropriately, avoids dependency-reinforcing interaction patterns, or escalates risk 
proportionately in repeated conversations [4, 5]. This matters especially in mental-health 
contexts, where conversational policy is not simply a stylistic choice: changes in warmth, 
reassurance, or directive guidance can alter the trajectory of user reliance and safety over 
time [2]. Recent safety work on LLM responses to worsening depression and suicidality further 
suggests that apparently fluent systems may still fail on clinically consequential dimensions 
[3]. 

This research introduces a human-centred evaluation framework for patient-facing mental-
health LLMs that treats autonomy preservation, dependency risk, emotional attunement, and 
calibrated safety as first-class evaluation targets. Rather than relying on static one-turn 
prompts, the framework uses clinically grounded synthetic patient dialogues to make 
conversational trade-offs observable across repeated turns. In doing so, the paper positions 
patient-facing mental-health dialogue as a healthcare text analytics problem that requires not 
only generative capability, but also structured evaluation, controllability, and reproducibility [2]. 

Methods and Data 

The proposed framework begins with vignette-derived synthetic patients constructed from 
publicly available clinical vignettes and structured using NHS-informed presentation formats. 
No identifiable patient data are used at any stage; all personas are fully synthetic and 
parameterised from published clinical literature. Each persona is parameterised using 
clinically meaningful symptom and context variables, including depression and anxiety 
severity proxies informed by PHQ-9 and GAD-7, alongside economic stress, social support, 
resilience, trust propensity, and help-seeking thresholds [6, 7]. This allows the simulation of 
heterogeneous patient states and dialogue trajectories rather than generic user prompts, while 
remaining grounded in validated symptom constructs and structured synthetic-population logic 
[8]. 

The framework adopts a multi-agent architecture with three functional roles. First, a Simulator 
Agent generates patient utterances conditional on persona state, prior turns, and contextual 
stressors. Second, an Advisor Agent produces support responses under alternative prompting 
regimes. In the current design, these regimes include an empathy-maximising policy, a 
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balanced policy, and an autonomy-prioritised policy. Third, a Guardian Agent performs turn-
level auditing for unsafe reassurance, inappropriate certainty, dependency-reinforcing 
wording, and missed escalation. This separation improves inspectability and traces how 
prompt-level design choices affect downstream interaction patterns [2, 9, 10]. 

Evaluation is conducted over multi-turn conversations rather than isolated responses. Outputs 
are assessed on four primary dimensions: emotional attunement, autonomy support, 
dependency risk, and safety adequacy. Emotional attunement captures whether the system 
recognises distress without resorting to excessive mirroring; autonomy support captures 
whether it encourages independent coping, decision-making, and appropriate real-world help-
seeking; dependency risk captures whether it positions itself as a preferred or primary 
relational support; and safety adequacy captures whether risk cues are identified and 
escalated proportionately [11, 12]. To strengthen the realism assessment of the synthetic side 
of the framework, generated patient language is also compared against evidence-based 
linguistic markers reported in depression- and anxiety-related language research, such as 
absolutist wording and other mental-health-relevant textual features [13, 14]. 

In addition to automated auditing by the Guardian Agent, the framework incorporates 
structured human evaluation conducted by a co-author with clinical psychiatry expertise. 
Human assessment covers both turn-level and dialogue-level scoring against the four 
evaluation dimensions, providing clinical ground-truth validation that complements the 
automated pipeline. 

Results 

Preliminary experiments suggest that different prompting policies produce distinct behavioural 
profiles. Empathy-maximising responses tend to improve perceived warmth and engagement, 
but can also increase attachment cues and repeated reliance on the system. Autonomy-
prioritised responses better preserve user agency and reduce dependency signals, but may 
appear affectively thin in moments of acute distress. Balanced prompting appears most 
promising for combining supportiveness with proportionate safety behaviour and lower 
dependence risk. These observations suggest that “helpfulness” alone is an insufficient 
criterion for evaluating patient-facing mental-health LLMs: a model may sound supportive 
while still performing poorly on autonomy or safety-sensitive dimensions [3]. 

Conclusion 

The contribution of this paper is methodological rather than purely application-driven. It 
proposes a reproducible evaluation pipeline for patient-facing mental-health LLMs that makes 
trade-offs visible across repeated conversational turns; it shows how clinically grounded 
synthetic dialogue can function as a practical testbed where access to real patient text is 
constrained by privacy, governance, or data-sharing barriers; and it argues that autonomy 
preservation, dependency control, and calibrated safety should be incorporated directly into 
healthcare NLP evaluation rather than treated as secondary ethical commentary after 
standard performance testing [2, 8]. 

The framework is positioned at the pre-deployment safety evaluation stage, providing a 
systematic means of identifying conversational risks before any patient-facing system is tested 
in real clinical interactions [2]. A limitation of the current approach is that the synthetic patient 
population, while parameterised using validated clinical instruments, reflects specific design 
choices regarding demographic coverage and severity distributions that may limit 
generalisability to real-world patient presentations [2, 8]. 

Study context 

This study uses synthetic, vignette-derived patient personas rather than identifiable patient 
records. Clinical vignette materials are used as non-identifiable secondary inputs for 
simulation design; no real patient data are included. No ethical approval was required for the 
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current phase of the research. The work is conducted as part of the first author’s PhD research 
at the University of Glasgow, supported by a China Scholarship Council scholarship. The 
authors declare no conflicts of interest. Prompt templates, evaluation rubrics, and synthetic 
persona specifications can be shared in anonymised and reproducible form subject to 
institutional requirements. 
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1 Introduction

Clinical ICU time series are highly sparse once irregular bedside and laboratory observa-

tions are projected onto a regular hourly grid. This sparsity is not merely a technical nuisance:

in hospital data, measurements are often ordered selectively when deterioration is suspected, so

missingness itself may carry clinical meaning and strongly affect both trajectory interpretation

and downstream prediction [1, 2]. Specialist time-series imputers such as BRITS, SAITS, and

CSAI are designed to recover temporal and cross-variable structure under precisely these condi-

tions, and recent benchmarks have improved the rigour of their comparison [3, 4, 5, 6].

Large language models (LLMs) offer a different attraction. They can generate fluent explana-

tions, confidence statements, and seemingly coherent interpretations of incomplete trajectories.

However, recent work in medical and general-domain reasoning has repeatedly shown that plau-

sible language should not be treated as evidence of dependable inference [7, 8, 9, 10, 11]. For

sparse clinical time series, the key question is therefore not only whether an LLM produces an

accurate answer, but whether that answer is grounded in the correct prior evidence and anchored

to the appropriate temporal context.

In this study, we treat reasoning operationally rather than philosophically. Specifically, we

ask whether model outputs (i) cite relevant prior evidence, (ii) preserve the implied direction of

change, and (iii) ground their rationale in the correct temporal context. Using sparse MIMIC-IV

time series, we evaluate DeepSeek-chat and GPT-4o through a four-part framework covering:

the relationship between reasoning-related behaviour and predictive quality (P0), a failure tax-

onomy of correct and incorrect reasoning/outcome combinations (P1), degradation of evidence

grounding under increasing sparsity (P2), and sensitivity to contextual perturbation (P3). Across

analyses, the central finding was consistent: LLM outputs were often partially coherent and

sometimes correct, but their apparent success was only weakly related to correctly grounded

reasoning.
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2 Methods

We conducted a retrospective study on de-identified MIMIC-IV v3.1 records [1]. After co-

hort construction from eligible admissions with valid admission times and available chart or lab-

oratory measurements for 12 target variables, physiologic range checks, and 1-hour binning, we

retained two vital signs and ten routine laboratory variables. The final dataset contained 997,793

standardised measurements across 9,623 multivariate time series from 12,000 admissions. Data

were split at the patient level (60/10/20/10), with overlap checked programmatically.

Our primary probe was single-point imputation after 20% MCAR re-masking. This setting

was chosen because it creates a locally auditable prediction problem: the model’s cited evi-

dence, inferred short-range trend, and held-out truth can be compared directly at the masked

time point. To test whether the same reasoning-related patterns extended beyond imputation, we

also analysed in-hospital mortality using an early 24-hour observation window, and incorporated

200 additional trend outputs into the failure taxonomy. Overall, evaluation comprised 200 impu-

tation cases per LLM, a 50-task perturbation set spanning all 12 variables for both LLMs, and

2,006 DeepSeek outputs for taxonomy analyses. Comparator baselines were LinearInterpolation,

BRITS, SAITS, and CSAI.

Both LLMs were evaluated with the same zero-shot v2 chain-of-thought prompt at temper-

ature 0.3. The prompt included recent trajectory values, co-measured variables, demographic

context, and reference ranges, and required structured JSON output containing a point estimate,

a nominal 95% interval, and a rationale. For imputation, we report MAE, RMSE, R2, and MAPE.

For mortality prediction, we report AUROC, AUPRC, Brier score, and expected calibration error

(ECE).

Reasoning was operationalised through three observable dimensions: evidence attribution,

directional consistency, and temporal grounding. These dimensions do not exhaust clinical rea-

soning, but they provide a task-relevant decomposition for sparse time-series settings. Scores

were computed automatically by rule-based matching between model outputs and ground-truth

trajectories using cited observations, time anchors, and physiologic ranges. Evidence Hit@3 was

defined as whether the rationale referenced one of the three temporally closest observations of

the same variable. We then carried out four analyses: P0, association between reasoning-related

behaviour and predictive quality; P1, a taxonomy of correct versus incorrect reasoning and out-

comes; P2, sparsity-linked degradation in evidence grounding; and P3, a context perturbation

experiment in which V1 removed diagnoses, comorbidities, age/sex, and ICU metadata while re-

taining the target trajectory and reference range, whereas V2 replaced those fields with clinically

contradictory context.

3 Results and Conclusion

The central result was a dissociation between measured reasoning-related behaviour and out-

put accuracy. In P0, evidence attribution, directional consistency, and temporal grounding were

correlated with one another (ρ = 0.258–0.407, all p < 0.001), but not with prediction qual-

ity (ρ = −0.042 to 0.049, all p ≥ 0.49). Thus, apparently accurate outputs were not reliably

supported by better evidence use or better temporal grounding.
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P1 showed the same pattern at the case level. Across 2,006 DeepSeek outputs, the largest

class was wrong reasoning with a correct result (Type B, 45.9%), whereas only 37.2% of correct

outputs were accompanied by correct reasoning. Within Type B, temporal off-target grounding

was the dominant failure mode (70.7%), followed by directional mismatch (21.3%).

Overall, LLMs could produce plausible or even correct outputs without reasoning from the

right clinical signal. Evaluation of clinical LLMs should therefore distinguish not only what

answer was produced, but also how that answer was justified, with explicit checks for evidential

relevance and temporal alignment.

4 Study Context and Limitations

This retrospective methodological study used de-identified MIMIC-IV data and involved no

new patient contact or intervention [1]. Key limitations include the single-centre setting, API-

based evaluation of only two closed-weight LLMs, automated rule-based operationalisation of

reasoning dimensions rather than clinician-adjudicated ground truth, and the absence of prospec-

tive validation. The 200-case imputation evaluation per LLM was adequate for medium-sized

effects but may miss weaker associations, so the near-zero P0 correlations should be read as ab-

sence of a strong link rather than proof of complete independence. The observed patterns may

therefore not generalise to open-weight or domain-adapted models and should be interpreted as

evidence about reasoning-related behaviour under this evaluation framework rather than as proof

of dependable clinical reasoning or readiness for unsupported clinical use.
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Introduction 

Evidence surrounding child maltreatment (e.g., physical, emotional, and sexual abuse, neglect, 
exposure to domestic violence) is lacking, particularly its association with mental and physical health, 
and substance use [1, 2]. Population-based evidence can contribute to preventing child maltreatment, 
which can lead to better health outcomes [3], development [4], reduction in long-term healthcare and 
social costs [4], and to break intergenerational cycles of violence [5]. Current research methodologically 
relies on traditional victim surveys and interviews [1, 6] and administrative data statistics [7]. While 
important, these methods produce inconsistent results and are prone to sample bias [8].  

An untapped source of information are child intake reports. Research has shown that free-text 
narratives capture richer, more nuanced information than aggregated statistics and contain health-
related details (e.g., mental health, disabilities) [9, 10]. Inspecting this data source has the potential to 
reveal population-level insights for child maltreatment that can contribute to systemic and policy 
development for prevention and intervention [10-12]. However, the sensitive personally identifiable 
information such as direct (e.g., name, address) or indirect identifiers (e.g., date, location), prohibits 
their use in automated large-scale analysis that employ methods like large language models. The 
problem is amplified by current de-identification methods that follow a traditional manual redaction of 
all identifiers, preventing researchers to determine the actor (person doing the action) and the object 
(person receiving the action). In cases involving physical abuse, identifying the actor and the object can 
make the difference between classifying an event as assault, domestic violence, or child maltreatment. 

Based on an AI framework [8], we address this problem by developing a context-aware de-identification 
approach using relationship-based replacement to anonymize a large sample of child intake reports. 
While context-aware de-identification itself is not a novel concept, there has not been any publicly 
available work on a de-identification method for child intake reports that uses structured relationship 
mapping of the child’s network to maintain contextual integrity. 

Methods and Data 

We used 300 (200 training, 100 evaluation) randomly selected intrafamilial child intake reports from 

South Australia’s Department for Child Protection. We designed and implemented a de-identification 

framework called De-Identification via Relationship-Based Replacement (DI-RBR) using anonymization 

as the primary approach.  

Nine classes of identifiers were noted (name, address, phone number, date, time, early learning centre, 
school, hospital, sensitive number). Using regular expressions (regex) and a relationship table where 

individuals and their relationship to the primary child of interest is mapped, direct identifiers such as 

names, addresses, and phone numbers were anonymized. These identifiers are replaced with 

relationship-consistent labels (e.g., FATHER, MOTHER, ADDRESS OF CHILD/MOTHER). We used 

regex on indirect identifiers with a standard format (date, time, sensitive numbers) replacing them with 
document-anchored labels when applicable (e.g., DDAY being the date of the report, DDAY+1 being 
the next day); and list-based replacement and regex for indirect identifiers without a standard format 

(schools, early learning centre, hospital) replacing them with anonymized placeholders (e.g., SCHOOL, 
ELC, HOSPITAL). Evaluation for each identifier was measured using the standard definitions of 

precision, recall and F1-score [12] on a mention-level, as a single skipped identifier may be sufficient 

to compromise privacy. Identifiers in the evaluation set were manually identified to construct the 
reference set for calculating precision, recall, and F1-score. 

Results 
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DI-RBR evaluation shows macro precision (>0.98), recall (>0.88), and F1-score (>0.92) across all 
identifier classes (Table 1). Each identifier showed a range of precision (0.74-1.00), recall (0.61-
1.00) and F1-score (0.66-1.00). Address, phone number and date had a consistent >0.98 for precision, 
recall and F1-score. Lowest recall was noted in early learning centre and hospital with 61.0% and 62% 
respectively. 

 

Table 1.  Precision, recall, and F1-Score for each identifier in both the training and the evaluation sets.  

 

 Name Address 
Phone 

number Date Time 
Early 

Learning 
Centre 

School Hospital Sensitive 
number Macro 

Training 

Precision 1.00 1.00 1.00 1.00 1.00 0.74 0.96 1.00 1.00 0.97 

Recall 0.93 0.99 0.98 0.98 0.94 0.71 0.91 0.49 0.96 0.88 

F1-Score 0.96 1.00 0.99 0.99 0.97 0.73 0.94 0.66 0.98 0.91 

Evaluation 

Precision 0.99 1.00 1.00 1.00 1.00 1.00 0.91 1.00 1.00 0.99 

Recall 0.92 0.99 1.00 1.00 0.94 0.61 0.92 0.62 0.96 0.88 

F1-Score 0.96 1.00 1.00 1.00 0.97 0.76 0.91 0.77 0.98 0.93 

 
Conclusion 

The main limitations of DI-RBR were its handling of non-standard formats and identifiers not captured 
in structured data, such as non-standard date formats (e.g.,1-2 January 1900, Jan 00), nicknames, or 
unofficial location names (e.g., Australian High School referred to as Australian School). The framework 
depended on a structured relationship table linking the child to their network of relevant individuals. This 
dependency represents both a strength and a limitation: it enables accurate context-aware de-
identification of identifiers in narratives, but constraints the framework to environments where such 
structured relational metadata exists. Despite these limitations, the approach enabled reliable and less 
expensive de-identification, requiring humans only to double-check annotations rather than manually 
redact every detail. With a relationship table, the framework could be applied to other health or legal 
documents, including clinical notes, police narratives, or court records. Future research could explore 
its use in secure large language model training, leveraging de-identified data safely and ethically.  

Study context 

This study is part of a PhD project on testing the feasibility of automated text analysis on child intake 
reports on a tri-institute collaboration of the University of New South Wales, Australian Centre for Child 
Protection within Adelaide University and South Australia’s Department for Child Protection. This PhD 
project is funded by the University of New South Wales. Ethics have been approved by Adelaide 
University (ID: 206409) and University of New South Wales (iRECS 6782). Data will not be publicly 
available for confidentiality and privacy reasons. The authors declare no conflicts of interest. 
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1 Introduction

Inflammatory arthritis (IA) – encompassing rheumatoid arthritis (RA), psoriatic arthritis (PsA),

and axial spondyloarthritis (Axial SpA) – causes chronic immune-mediated joint inflammation

and substantial impacts on mobility, pain, and daily functioning [1, 2, 3]. These conditions

place significant burdens on quality of life and participation in work and society, as described

across recent clinical and translational reviews [1, 4]. Although contemporary disease-modifying

antirheumatic drugs have improved inflammatory control, a substantial proportion of individuals

continue to experience persistent pain that is only partly explained by measurable disease activity,

pointing toward broader biological and psychosocial contributors [5].

Obesity is common in IA and has been linked to poorer functional outcomes, greater comor-

bidity burden, and more complex disease trajectories [6]. However, the causal pathways con-

necting obesity and pain are difficult to disentangle [6, 7]. Clarifying the relationship between

obesity and pain-related factors – after rigorous adjustment for functional status, multimorbidity,

mental health, and equity factors – is therefore an important evidence need with direct clinical

and public health relevance.

Routine electronic health records (EHRs) offer an under-used opportunity to interrogate these

complex relationships at scale. Clinical notes – particularly discharge summaries – can contain

rich, fine-grained descriptions of pain experience, functional impact, obesity-related factors, clin-

ician reasoning, and treatment decisions that are not consistently captured in structured fields [8].

Harnessing these unstructured data through natural-language processing (NLP) provides a way

to generate large-scale, real-world phenotypes that can be used to interrogate the relationship

between obesity and pain experience-related factors [8, 9]. This study presents an NLP pipeline

designed to extract obesity measures, anthropometric variables, weight-status categories, and

mental health-related variables from routine EHR text, enabling a more nuanced and data-driven

analysis of the relationship between obesity and pain-related outcomes in IA.
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2 Materials and Methods

Structured and semi-structured information from the MIMIC-IV [10] database was extracted

using a structured query language (SQL) pipeline, where rule-based regular expressions were

applied to identify numeric values, templated fields, and other deterministic patterns for Body

Mass Index (BMI) embedded within clinical notes. These outputs provided a foundation of

high-precision weight categories, and a subset of extracted samples was manually validated by

an epidemiologist to confirm extraction accuracy.

A Python-based extension to the pipeline was used to extract further anthropometric measure-

ments and BMI using medspaCy [11]. Height and weight expressions were identified through

pattern matching, followed by unit harmonisation and plausibility filtering. BMI was derived

when both height and weight were available, and discrepancies between repeated values were re-

solved through prioritisation rules. Representative outputs from this module were also manually

reviewed by an epidemiologist to ensure correctness and consistency.

Identification of anxiety- and depression-related content was performed using MedCAT v1 [12]

with a SNOMED CT [13] ontology, deployed within a CogStack-NiFi [14] workflow to enable

batch-scale annotation of MIMIC-IV free-text notes. Contextual models for negation and tempo-

rality were enabled, and mentions were retained only when they were non-negated and exceeded

a predefined confidence threshold. Curated SNOMED concept groups corresponding to anxiety

and depression were used to classify extracted mentions. A manual validation step by an epi-

demiologist was conducted on sampled annotations to verify concept accuracy and contextual

filtering.

Outputs from the SQL layer, Python anthropometric module, and MedCAT/CogStack-NiFi

pipelines were aligned using patient identifiers and note timestamps, and subsequently merged

into a unified dataset for downstream analytical modelling.

3 Results

The SQL, Python, and MedCAT/CogStack-NiFi components each produced high-precision out-

puts, with anthropometric values, BMI, and validated anxiety/depression mentions extracted re-

liably across the corpus. When combined, these layers generated a coherent semi-structured

feature set that extended beyond the coverage of structured MIMIC-IV fields and demonstrated

the feasibility of multi-method NLP enrichment for observational EHR research.

4 Conclusion

The study demonstrated that the integration of multiple NLP approaches – including SQL-based

pattern extraction, Python rule-based modules, and concept-linking pipelines using MedCAT

within CogStack-NiFi – is technically feasible and can yield high-precision, semi-structured out-

puts from routine clinical text. These outputs can be reliably post-processed and aligned with

existing structured fields, enabling richer representations of patient information. Such combined

methods show strong potential to complement structured EHR data and enhance the analytical

capacity of observational research based on routinely-collected clinical records.
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5 Study Context

Use of the MIMIC-IV database was conducted under the required data use agreement. The

dataset is fully de-identified and therefore does not require additional institutional ethical review.

No patient or public involvement was included, as the study relied solely on secondary analysis

of de-identified data. MIMIC-IV is accessible to qualified researchers following completion of

the mandatory training in research with human participants and data use agreement process.

This work was funded in part by the NIHR Maudsley Biomedical Research Centre (BRC) [10].

No additional external funding was received, and no conflicts of interest were declared. Methods

and code used in this study are available upon reasonable request, subject to MIMIC-IV licensing

conditions.
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1 Introduction

Mental health recovery narratives are first-person, non-fiction accounts of recovery [1]. Previous

research [2] shows that access to online recovery narratives improves quality of life for people

affected by mental health problems. To make such narratives usable at scale, they must be sys-

tematically characterised, enabling readers to search for narratives that match their needs and

circumstances [3]. A leading conceptual framework is the Inventory of Characteristics of Recov-

ery Stories (INCRESE) [4], which characterises narratives across multiple dimensions including

tone, trajectory, and content warnings.

In previous work [5] (under review), we develop the first benchmark for automatic annota-

tion of INCRESE characteristics (67 characteristics) on a collection of mental health recovery

narratives. We observe high variability in annotation accuracy across INCRESE characteristics.

We aim to examine the ceiling performance in the task of annotating mental health recovery

narratives using INCRESE and hence the irreducible error. Human-level error, defined as the

error a user makes on the same task, is often used as a proxy for irreducible error. To quantify

this, we designed a data collection experiment which could uncover the inherent subjectivity of

labels.

2 Methods and Data

We recruited a convenience sample of 25 participants via advertisement and word of mouth at

the university, providing an educated but non-expert group. Ten stories from the NEON collec-

tion were selected based on licence permissions, length (to avoid annotator fatigue), emotional

content (to minimise distress), and label complexity.

Each participant completed a single two-hour session at the Department of Psychiatry, Uni-

versity of Cambridge. They annotated the stories using a subset of 23 INCRESE characteristics

via a Microsoft Form on a laptop, reading printed copies of the stories. Participants were trained
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using a standardised coding document and a worked example, followed by an unrecorded prac-

tice trial run. The order of stories annotated was randomised per participant to reduce sequence

bias. A researcher was present throughout to observe and offer support.

The Think-Aloud Protocol [6] was used to capture annotation reasoning in real time. Par-

ticipants were asked to verbalise their category selections, identify supporting text spans, share

any doubts or alternative interpretations, and indicate their confidence level. Audio was recorded

using Open Broadcasting Software (OBS) [7] and stored locally. In the first stage of analysis,

free text transcripts will be systematically matched to INCRESE characteristics to highlight any

emergent annotation patterns. Secondly, a more global analysis of the underlying subjectivity in

INCRESE characteristics will be undertaken.

All data are stored securely in compliance with General Data Protection Regulation (GDPR)

guidelines. Participants are able to withdraw at any time prior to anonymisation.

3 Results

Data collection is completed. Based on prior analysis of INCRESE subjectivity and discussions

with the Lived Experience Advisory Group, we anticipate higher inter-annotator variability for

subjective characteristics (e.g. Genre, Stage of Recovery, Turning Points) than for characteristics

having objective lexical cues (e.g. Content Warnings).

The primary outcome measure is average human performance (balanced accuracy) per IN-

CRESE characteristic across annotators and stories. Once data collection is complete, intraclass

correlation coefficients (ICCs) will be computed per characteristic to quantify inter-annotator

agreement. These results will complement the error analysis from our previous automated anno-

tation work [5], identifying which INCRESE characteristics are inherently difficult to classify.

Human agreement rates will further define the performance ceiling for any machine learning

system trained on this data. This will allow characteristics to be clustered by reliability: those

with low variability can be applied consistently at scale, whilst those with high variability require

human oversight, defining per characteristic whether automation is viable.

4 Conclusion

This study is quantifying human performance on annotating mental health recovery narratives,

providing a proxy for the irreducible error of automatic annotation systems. It is also examining

which INCRESE characteristics are inherently subjective, as reflected in inter-annotator variabil-

ity. Establishing where automatic annotation can be trusted is important, as reliable automation

could enable large-scale retrieval systems that match individuals to recovery narratives suited

to their needs. Beyond annotation, the Think-Aloud data capture how people reason about re-

covery. The resulting dataset, which will be available upon reasonable request, will constitute

a gold-standard corpus for training and evaluating future NLP classifiers for the NEON stories.

More broadly, this work contributes a replicable framework for complementing machine learn-

ing classifiers with human agreement benchmarks, supporting trustworthy automation. In future

work, we will compare annotation rationale generated by humans and large language models for

the same task.
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5 Study Context
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granted permission for their stories to be used in this research. We thank the NEON team and
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PhD funding from the W.D. Armstrong Trust and the Accelerate Programme for Scientific Dis-

covery, funded by Schmidt Futures. The fourth and fifth authors were supported by the Na-

tional Institute for Health and Care Research (NIHR) Nottingham Biomedical Research Centre

(NIHR203310). Ethics approval was granted by the Cambridge Psychology Research Ethics

Committee (PRE.2025.074).
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Introduction  

Schizophrenia, bipolar disorder, and major depression requiring hospital treatment, collectively 

referred to as severe mental illness (SMI) [1], place a tremendous burden on the affected individuals, 

their families and society as a whole [2,3]. There are, however, pharmacological and non-

pharmacological treatments available that reduce the burden of SMI substantially, but the monitoring 

of the effect of these treatments is often suboptimal in clinical practice [4–6]. 

 

Ideally, the effect of treatments of SMI is monitored using validated severity rating scales such as the 

Hamilton Depression Rating Scale (HDRS) for unipolar and bipolar depression [7], Bech-

Rafaelsen Mania Scale (MAS) for manic episodes in bipolar disorder [8], and the 6-item Positive and 

Negative Syndrome Scale (PANSS-6) for schizophrenia [9]. However, in routine clinical practice, 

these assessments are often not performed routinely due to constraints on resources (staff) and time 

[4–6]. Yet, more unstructured clinical assessments by psychiatric staff are often performed and 

documented as free text in clinical notes stored in the electronic health record (EHR). If this free text 

could be systematically analyzed and represented in a meaningful way, it could serve as a valuable 

tool for providing quantitative severity assessments (scores). 

Natural language processing (NLP) can range from simple methods, such as converting individual 
words into numerical values, to more complex techniques like embedding text within a multidimensional 
vector space [10]. While advanced methods can capture more nuanced context from the text, they often 
come at the expense of interpretability [11].Various NLP techniques have been applied to represent 
free-text data in EHRs, including approaches like bag-of-words, term frequency-inverse document 
frequency (TF-IDF), and more sophisticated models such as sentence transformers [12]. 

The aim of the study is to employ NLP to the routinely collected text in the EHR and based on these 
representations estimate psychiatric symptom severity scores. 

 

Methods and Data 

We have access to EHR data on approximately 153.000 patients (121.000 adults) who have had at 

least one contact (a total of »3 million contacts) with the Psychiatric Services of the Central Denmark 

Region in the period from 2011 to 2024 [13]. The dataset encompasses comprehensive data on all 

patient contacts, including all clinical notes, diagnoses, medications, lab values, coercive measures, 

as well as item-level scores on the HDRS (n»64000), MAS (n»120000) and, PANSS-6 (n»1500). 

 

For a visual presentation of the design, see Figure 1 below. To represent the text from clinical notes in 

a format interpretable by machine learning models, we will employ various NLP methods. First, we will 

use simpler NLP techniques based on bag-of-words and Term Frequency-Inverse Document 

Frequency (TF-IDF). We will extract relevant keywords for the specific tasks through string matching 

[14] or regular expressions [15], guided by a clinical word list tailored to each semi-structured 

assessment score (HDRS, MAS, or PANNS). To enhance this approach, we will incorporate a Danish 

clinical word embedding model [16] to identify words with similar embeddings as those based on 

clinical expertise. Next, we will utilize feature extraction techniques, including more advanced pre-

trained transformer-based models (large language models) [17], to identify relevant features in the 
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free text, such as “sleep,” “mood,” or “auditory hallucinations”. Finally, we will apply document 

embedding methods, where a transformer model (e.g., sentence transformer) [18] analyzes entire 

documents (i.e., clinical notes in the EHR) to create embeddings that could capture essential phrases 

relevant to traits such as  anxiety or psychotic experiences. Throughout all text representation 

methods, we will emphasize model explainability, as this is crucial for ensuring trust in models [19]. 

 

Based on the text representations derived from the clinical notes as described above, we will train and 
evaluate machine learning methods to estimate individual item symptom severity scores using mean 
squared error (MSE). The best models for each outcome will be evaluated on unseen data from a held-
out test set. 

 

Figure 1. Methods for estimating symptom severity scores 

 

 

Results and conclusion 

No results are available at this time. Results are expected by the end of 2026. 
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Study context 

The study is funded by Central Denmark Psychiatry Senior Researcher Scholarship Fund and 
Independent Research Fund Denmark. The study was approved by the Legal Office of the 
Central Denmark Region in accordance with the Danish Health Care Act §46, Section 2 (1-
45-70-60-25). The Danish Committee Act exempts studies based only on EHR data from 
ethical review board assessment. 

According to Danish law, the patient-level data for this study cannot be shared. The code for 
all analyses will be available at: https://github.com/AarhusPsychiatry-Research/psycop-
common/tree/main/psycop/projects/ 

There is no public nor patient involvement in this study. 
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1 Executive Summary

Electronic health records (EHRs) contain rich longitudinal evidence spanning vital signs, laboratory measure-

ments, medication histories, diagnoses, procedures, and free-text notes. Despite rapid progress in large language

models and multimodal foundation models, current systems still struggle to reason over these streams in a

clinically faithful way. In practice, models often recognise isolated patterns without reliably grounding them

in time, linking them to physiological context, or reconciling numeric trajectories with the narrative record.

Existing benchmarks are also limited: many emphasise static prediction, note-only understanding, or image-text

matching, but provide little visibility into whether a model can follow evolving patient states, identify anchor

events, or explain conclusions using temporally aligned evidence.

Our research proposes TIMELY-Agent, an agentic framework for constructing clinically grounded multimodal

reasoning benchmarks from longitudinal EHR data. The central idea is to treat benchmark construction as

a structured research workflow rather than a one-off extraction script. TIMELY-Agent combines four linked

methodological layers: (i) knowledge-guided benchmark specification, where clinical guidelines and ontology-

linked concepts are turned into executable condition definitions and physiology templates; (ii) privacy-preserving

retrieval over locally hosted, standardised EHR data; (iii) reasoning-episode construction, where note fragments

are aligned with temporally bounded physiological trajectories; and (iv) task synthesis and auditing, where

benchmark instances are converted into diagnostic evaluations of temporal grounding, trend interpretation,

consistency, and evidence attribution.

The pilot will build on OMOP-compatible longitudinal records, with MEDS-ready exports for downstream

machine learning workflows. Rather than presenting a full interoperability platform, the project focuses on a

reusable, standards-aware workflow for constructing multimodal clinical reasoning benchmarks that can be

audited, adapted, and extended across conditions and sites. The immediate output is a benchmark construction

methodology together with an initial reasoning suite for TIMELY-Bench; the longer-term goal is to generate

pilot evidence for fellowship-scale research on trustworthy multimodal clinical AI.

2 Background and Motivation

Modern clinical AI has made substantial progress in modelling isolated modalities. Large language models can

encode broad clinical knowledge, and recent foundation models have shown promise in generating structured

patient trajectories from EHR timelines [1, 2]. More broadly, multimodal biomedical AI is increasingly

recognised as a key direction for clinically useful machine learning, particularly when distinct data streams

provide complementary evidence that cannot be recovered from any single modality alone [3, 4]. Public

critical care resources such as MIMIC-III and MIMIC-IV have made this problem tractable by releasing de-

identified longitudinal EHR data that include both structured measurements and free-text notes [5, 6], and have

supported an expanding literature on combining notes with time-series data for downstream prediction [7, 8].

However, a core gap remains between these capabilities and real clinical reasoning. Clinicians do not interpret

laboratory values, note fragments, and treatment events independently; they reason across modalities and across
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time. A rising creatinine, for example, depends on urine output, medication exposure, baseline renal function,

and contemporaneous narrative evidence. These are not simply multimodal classification problems; they are

temporally situated reasoning problems.

This creates two linked methodological challenges. The first is data construction: how can we derive clinically

meaningful multimodal episodes from heterogeneous longitudinal records without losing provenance, privacy, or

temporal precision? The second is evaluation: once such episodes are constructed, how do we test whether a

model genuinely understands temporal order, thresholds, trends, contrastive changes, and the evidential link

between text and physiology? Reviews of machine learning for health have repeatedly highlighted the risks of

hidden dataset shortcuts, poor grounding, and limited real-world interpretability [9]. The dominant benchmark

tradition in EHR modelling has also remained heavily endpoint-oriented, typically focusing on mortality, length

of stay, decompensation, or phenotype prediction [10, 11]. While valuable, such tasks do not reveal whether a

model used the right evidence, aligned the correct time window, or relied excessively on one modality.

TIMELY-Agent is motivated by this gap: the field now has increasingly capable models and increasingly

standardised data environments, but still lacks a portable methodology for building reasoning-oriented multi-

modal benchmarks. The recent maturation of healthcare data standards strengthens the case for addressing this

explicitly. OMOP provides a standardised analytical representation for observational healthcare data [12, 13],

FHIR supports exchange and application-level interoperability [14, 15], and MEDS is designed as a lightweight

longitudinal event format for reproducible machine learning workflows [16]. At the same time, agentic tool

interfaces over standardised clinical data are becoming feasible, including OMOP-oriented interfaces such as

fastOMOP/OMCP [17]. Instead of designing a benchmark around one bespoke extraction script, TIMELY-Agent

leverages this convergence to make clinical knowledge curation, data retrieval, multimodal alignment, and

evaluation explicit and auditable.

3 TIMELY-Agent Framework

TIMELY-Agent is not framed as a claim that benchmark construction should be fully automated. Instead,

it decomposes the workflow into methodological layers where machine assistance can increase scale and

consistency while human review preserves clinical validity. Three principles guide the framework: clinical

grounding, so that benchmark units reflect genuine reasoning situations rather than arbitrary slices of data; local

and privacy-preserving operation, so that patient-facing retrieval remains inside secure analytical environments;

and traceable provenance, so that every episode can be linked back to condition logic, retrieval criteria,

timestamps, and source evidence. A further design choice is to separate knowledge-facing and patient-facing

modules: literature synthesis may use broader research tooling, whereas retrieval over patient data is constrained

to local infrastructure and auditable interfaces.

3.1 From clinical questions to executable benchmark schemas

The first stage defines what should count as a meaningful reasoning problem before any cohort is extracted. Rather

than beginning from labels alone, TIMELY-Agent starts by building condition-specific knowledge packages

from guidelines, review articles, terminology resources, and exemplar trajectories. These packages contain

inclusion and exclusion criteria, candidate anchor events, clinically important measurements, expected temporal

transitions, and plausible confounders. In the current design, they are represented through two linked artefacts:

Condition Graphs, which encode relationships among diagnoses, symptoms, treatments, and measurable signals,

and Physiology Templates, which summarise clinically plausible temporal signatures such as deterioration,

fluctuation, recovery, or treatment response.

This stage is particularly well suited to an agentic workflow. A research module can collect guideline excerpts,

terminology candidates, and disease-specific evidence across sources, producing a draft scaffold for clinician

inspection. The purpose is not to replace domain experts, but to accelerate a normally slow preparatory step

and make it reproducible. The benchmark specification then becomes partially executable: anchor events, valid

time windows, concept sets, and evidence requirements are recorded explicitly, making later extraction and
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adjudication decisions easier to justify.

3.2 Local standards-aware retrieval and cohort assembly

Once benchmark specifications are defined, the next stage assembles candidate episodes from structured EHR

data. Here the proposal moves beyond a dataset-specific extraction strategy toward an OMOP-native retrieval

layer that can better support portability across datasets and institutional environments [12, 17]. The central

assumption is pragmatic: hospitals and research groups may differ in source systems, but many can analyse

de-identified data through common analytical representations. By grounding retrieval in OMOP-compatible

records, the framework can express cohort logic, concept mappings, event queries, and provenance in a relatively

stable form.

TIMELY-Agent does not attempt to solve interoperability in full. Within this proposal, standards are used in a

narrower way: OMOP supports cohort discovery and retrieval inside secure environments; FHIR is treated as

a possible ingestion pathway rather than a core deliverable; and MEDS is reserved for benchmark packaging

once episodes have been assembled [14, 16]. This separation contains scope while still giving the framework a

credible path toward reuse across sites.

3.3 Constructing reasoning episodes from aligned trajectories and notes

The key methodological unit in TIMELY-Agent is the reasoning episode. A reasoning episode is not a full

admission record, nor a single isolated measurement. Instead, it is a compact, provenance-preserving slice of

patient history centred on a clinically meaningful question. Each episode contains: (i) a temporally bounded

structured trajectory, for example vital signs, laboratory values, medications, or coded events around an anchor

point; (ii) aligned text fragments extracted from nearby notes; (iii) metadata describing the clinical context,

such as anchor type, inclusion logic, and relevant concepts; and (iv) a task-ready evidential packet that can later

support evaluation.

Constructing these episodes requires careful handling of asynchronous modalities. Notes may describe an event

retrospectively or prospectively; laboratory results arrive at irregular intervals; and different variables carry

meaning over different timescales. TIMELY-Agent therefore uses anchor-based temporal windows combined

with note chunking and role-aware segmentation. Rather than keeping whole notes intact, the framework

isolates clinically salient fragments such as assessments, plans, deterioration, treatment response, and uncertainty

statements. These fragments are then aligned with surrounding trajectories using rule-based windows informed

by the earlier Condition Graphs and Physiology Templates. A subset of episodes can be manually reviewed to

audit whether the chosen windows preserve the intended temporal and evidential interpretation.

This episode-based design keeps benchmark instances focused enough for transparent error analysis while

avoiding collapse into coarse admission-level labels, which often hide whether a model relied on the right

evidence or merely exploited dataset shortcuts. In practice, the same patient may contribute multiple episodes

corresponding to onset, escalation, response, or recovery, thereby exposing richer temporal reasoning patterns

than a single downstream endpoint.

3.4 Task synthesis, adjudication, and failure analysis

The final stage turns benchmark episodes into reasoning tasks. The evaluation layer extends beyond a conven-

tional static test set: task generation, answer keys, and evidence traces are all tied back to the episode definition.

Rather than asking only whether a model predicts the right label, TIMELY-Agent asks whether the model can

justify a clinically plausible conclusion using the right evidence at the right time. This emphasis is aligned with

broader calls for clinically meaningful explanation and end-use evaluation in healthcare AI [18].

Initial tasks for TIMELY-Bench will probe temporal grounding, numeric and trend reasoning, threshold

and transition detection, note-trajectory consistency, contrastive inference across neighbouring windows, and

evidence attribution. These categories are intentionally diagnostic rather than leaderboard-oriented. A useful

benchmark should not only rank models; it should reveal recurring failure modes such as temporal inversion,
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over-reliance on one modality, unsupported causal language, or confident answers that cite irrelevant evidence.

Evaluation can also be layered. Some tasks can be derived semi-automatically from benchmark schemas and

retrieval traces, while others can be clinician-checked on smaller audited subsets. This creates a practical

compromise between scale and fidelity: fully manual curation is too expensive to sustain, but fully automatic

task generation risks encoding errors or spurious assumptions. TIMELY-Agent therefore treats auditability as

part of the benchmark contribution rather than an afterthought.

4 Pilot Scope, Work Packages, and Expected Outputs

To keep the project realistic for an early-stage workshop submission, the pilot will focus on a small set of

exemplar acute care conditions with distinct temporal signatures, such as acute kidney injury, respiratory

deterioration including ARDS-like trajectories, and fluctuating neurocognitive states. The aim is not to maximise

disease coverage immediately, but to test whether the workflow can support acute, progressive, and fluctuating

patterns within one unified benchmark design. These conditions are methodologically useful because they differ

in anchoring logic: some rely on abrupt physiological change, some on evolving treatment response, and some

on disagreement or complementarity between narrative and numeric evidence.

The pilot is organised into three work packages. WP1 develops condition schemas, inclusion logic, and

physiology templates through agent-assisted literature and guideline synthesis. WP2 implements OMOP-native

cohort retrieval, note chunking, and multimodal alignment to produce benchmark episodes with preserved

provenance. WP3 instantiates TIMELY-Bench tasks and runs baseline evaluations with representative clinical or

general-purpose language models to characterise common reasoning failure modes. Across all work packages,

the emphasis is on transparent methodology rather than end-to-end automation claims.

We expect four immediate outputs: a documented framework for agentic benchmark construction over standard-

ised EHR data; a pilot benchmark of temporally aligned multimodal reasoning episodes; an initial evaluation

suite targeting time-aware clinical reasoning rather than only static prediction; and a reusable methodological

scaffold for future fellowship applications on trustworthy multimodal foundation models. Because the framework

is standards-aware but not overly tied to one site-specific schema, it also creates a path for later extension,

including FHIR-based upstream ingestion, broader OMOP deployment, and MEDS exports for downstream

model training.

5 Relevance to the Field

TIMELY-Agent contributes to an increasingly important but underdeveloped area in health AI: the construction

of evaluation resources that reflect how clinical reasoning actually unfolds across time and modalities. Its novelty

lies less in proposing yet another model architecture and more in making the benchmark construction process

itself explicit, modular, and standards-aware. This matters because it improves scientific transparency, practical

portability across secure data environments, and evaluation quality: instead of asking only whether a model

predicts the right label, TIMELY-Bench asks whether the model can justify conclusions using the right evidence

at the right time.

As an ongoing PhD/fellowship-track research programme, this project is intentionally positioned between

methodological pilot work and longer-term translational ambition. The workshop setting is therefore ideal:

feedback can help refine benchmark scope, task granularity, module boundaries, adjudication strategy, and

standards usage before expansion into a larger fellowship proposal. In that sense, TIMELY-Agent is both a

concrete benchmark construction framework and a wider research agenda for evaluating multimodal clinical

reasoning with greater rigour.
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1 Introduction

Adverse Events (AE) and Geriatric Syndromes (GS) are important clinical phenomena associated with in-

creased morbidity, functional decline, and mortality in older adults [1, 2, 3]. Identifying these conditions in

electronic health records (EHRs) is valuable for clinical research and patient safety monitoring, yet much of

the relevant information is embedded in unstructured clinical narratives.

Recent advances in large language models (LLMs) have introduced new strategies for clinical NLP,

including in-context learning (ICL) [4] and parameter-efficient fine-tuning (PEFT) such as low-rank adapta-

tion (LoRA) [5]. This study investigates these approaches for identifying AE and GS in an annotated subset

of the MIMIC-IV dataset.

2 Methods and Data

Dataset. We use a subset of discharge summaries from the MIMIC-IV database of patients aged 65 years

or older. The dataset contains 2,200 manually double annotated documents and is partitioned at the docu-

ment level into training/development (1,801 documents) and independent test sets (399 documents)1.

The AE task comprises 28 labels (14 events and their negated counterparts) [6], while the GS task

contains 24 labels (12 syndromes and their negated labels) [7]. Explicit negation is modelled as a separate

label to distinguish explicit denial from simple non-mention.

Models and Experimental Setup. We conducted three modelling approaches for multilabel document

classification: (1) ICL, (2) PEFT with LoRA, and (3) fine-tuning of a biomedical encoder-based transformer.

For ICL, we evaluated five instruction-tuned LLMs (1–8B parameters) from Llama (Llama 3.1-8B,

Llama 3.2-1B, Llama 3.2-4B) [8], Phi-3-mini-128k [9], and Qwen3-4B [10]. Prompts specified the document-

level multilabel task, the allowed labels and the output format. Three prompt variants were tested, differing

in whether label definitions and additional rules were included. The number of in-context examples, k,

ranged from 0 to 32 (k ∈ {0, 2, 4, 8, 16, 32}). Examples were selected either by using the same samples for

1The dataset will be released accompanied by a data paper.
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all prediction texts or by performing similarity-based retrieval between the predicted text embeddings and

the document embeddings from the training set using bioclinical-modernbert-base-embeddings2.

We first evaluated candidate models using ICL to estimate their task performance without training.

Based on the resulting F1-score, Qwen3-4B was selected for PEFT. Multiple LoRA (r ∈ {8, 16, 32, 64, 128})

were evaluated to examine the trade-off between adaptation capacity and performance.

As a non-LLM baseline, we fine-tuned a biomedical encoder-based transformer (i.e., the bioclinical-

modernbert-base-embeddings) using three strategies: full fine-tuning (Full), partial layer fine-tuning (Par-

tial), and classification head only fine-tuning (Classification).

3 Results

Preliminary ICL experiments showed moderate performance and sensitivity to prompt design and the num-

ber of in-context examples. F1-score for prompts including label definitions produced more stable predic-

tions (AE: 0.50, GS: 0.47), while similarity-based example selection slightly improved results (AE: 0.56,

GS: 0.59).

For fine-tuning Qwen3-4B-Instruct, Figure 1a shows that performance improves with increasing LoRA

rank up to a moderate value, after which gains plateau (F1-score AE: 0.86, GS: 0.83). Fine-tuning also sub-

stantially outperforms the baseline (F1-score: AE: 0.26, GS: 0.23). Figure 1b shows moderate performance

for bioclinical-modernbert-base-embeddings, with full fine-tuning achieving the best results (F1-score AE:

0.67, GS: 0.73).
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(a) Qwen3-4B-Instruct fine-tuning performance. Rank 0
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Figure 1: Fine-tuning performance across models and configurations.

4 Conclusion

This study investigated approaches for multilabel classification of AE and GS from clinical discharge

summaries. PEFT of Qwen3-4B-Instruct using LoRA showed that moderately sized LLMs can be effec-

tively adapted for clinical multilabel classification tasks. Experiments with bioclinical-modernbert-base-

embeddings showed that full fine-tuning performed best among the evaluated strategies. Future work will

investigate factors that may explain remaining performance differences, including label imbalance, potential

dependencies between labels, and error patterns accros event and syndrome categories.

2https://huggingface.co/NeuML/bioclinical-modernbert-base-embeddings
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5 Study context

We conducted this study using a subset of the MIMIC-IV-Note dataset (MIMIC-IV) database [11].3 Data

access was approved by PhysioNet after completion of the CITI ‘Data or Specimens Only Research’ training.

Prior to this study, A.C. conducted patient and public involvement and engagement (PPIE) activities related

to the clinical NLP work within Advance Care Research Centre (ACRC), consulting patients on the use of

free-text clinical data for AI research in healthcare and on the task of detecting AE and GS.

Institutional ethical approval for project this research was conducted in was granted by the Research

Ethics Committee of B.A.’s host institution on 22/02/2022.

The work was conducted within ACRC, funded by Legal & General, and as part of the AIM-CISC

project funded by NIHR (NIHR202639). F.R., H.W., B.G., and B.A. have been supported by Legal &

General as part of the Advanced Care Research Centre (ACRC). A.P.G. is supported by the United Kingdom

Research and Innovation (EP/S02431X/1), UKRI Centre for Doctoral Training in Biomedical AI at the

University of Edinburgh, School of Informatics. A.C. is funded by the Vivensa Foundation (PF2302\2).
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Introduction 

Trusted Research Environments (TREs) are used to support secure access to sensitive health 
data for research while maintaining privacy protection and public trust. In parallel, federated 
analytics approaches are emerging as a powerful way to enable collaborative analysis across 
multiple TREs without requiring data to leave the secure environments in which they are held. 
These infrastructures have the potential to unlock large-scale population health insights while 
preserving institutional control over sensitive datasets.  Current federated analytics 
capabilities are largely limited to structured datasets.  A substantial proportion of clinically 
meaningful information remains embedded in unstructured text such as free-text clinical notes 
and correspondence. These textual records often contain rich descriptions of symptoms, 
outcomes, and social context that are not captured in structured fields. Despite their research 
value, such data are difficult to access at scale because they require specialised natural 
language processing (NLP) methods to extract the data, and anonymisation to make the data 
safe for analysis in TREs. 

Unlocking the value of clinical text therefore requires approaches that can securely extract 
relevant clinical concepts and transform them into standardised, analytics-ready datasets 
suitable for large-scale research. While tools exist for clinical text mining and for transforming 
health data into standardised data models, these capabilities are not currently integrated within 
federated TRE infrastructures. This work introduces TRExt, a new capability to support Five 
Safes TES [1], a platform that enables federated analytics across TREs.  TRExt integrates 
NLP and data mapping pipelines to convert unstructured clinical text into structured datasets 
aligned with widely used health data standards, the Observational Medical Outcomes 
Partnership (OMOP) Common Data Model (CDM) and the Clinical Data Interchange 
Standards Consortium (CDISC) Study Data Tabulation Model (SDTM). By enabling extraction, 
standardisation, and federated analysis of clinical text within TREs, this framework aims to 
expand the range of health data that can be reused for research within TREs while maintaining 
privacy, governance, and interoperability across institutions. 

Methods and Data 

Existing tools for clinical text processing, concept extraction, and data standardisation are 
integrated into a pipeline that generates safe data that can be analysed using federated 
analytics environments, such as Five Safes TES.  Clinical information extraction is performed 
using two complementary NLP platforms. CogStack provides an extract–transform–load 
system integrating NLP pipelines capable of extracting medical concepts across multiple 
clinical domains.  Additionally, the Mental Health Text Analytics Cloud (MH-TAC) platform is 
used to extract relevant concepts from psychiatric EHR notes and reports.  Both systems 
utilise MedCAT for named entity recognition [2] and RelCAT for relation extraction [3], enabling 
identification of diseases, symptoms, medications, and contextual attributes within text. 

Extracted clinical concepts are mapped to standard vocabularies to enable interoperability 
across datasets and institutions. Lettuce, an AI-assisted mapping tool that combines lexical 
search and large language model support, is used to suggest mappings between extracted 
terms and OMOP vocabulary concepts [4]. Carrot, a software tool for automating the 
conversion of healthcare datasets to the OMOP CDM through rule-based data transformation 
workflows [5], then executes the transformation of the extracted and mapped data into OMOP.  
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To support interoperability between research and clinical trial data standards, the Unison data 
virtualisation platform is used to implement mappings between OMOP and CDISC SDTM. 
Rather than physically duplicating datasets, Unison enables virtual mapping between data 
models, allowing federated analyses written for CDISC datasets to be executed against 
OMOP-aligned data. 

Results 

Initial results have come from processing free-text discharge summaries from the MIMIC IV 
dataset.  A Postgresql database contains OMOP "Note" and "Note_NLP" tables that are used 
to describe the source text and extracted entities respectively. The Note table was populated 
with 331,732 note records from the MIMIC dataset and used as input for the CogStack NLP 
pipeline.  The MedCAT v2 Snomed2025 model was used to extract 631,789 entities from the 
text and normalise these with SNOMED CT codes.  The output from the pipeline was used to 
populate the Note_NLP table.  The source SNOMED CT codes are mapped to OMOP 
concepts using Carrot and Lettuce, followed by transformation into the OMOP CDM 5.4 clinical 
data tables.   

Conclusion 

This ongoing work presents TRExt, a technical framework that supports the Five Safes TES 
federated analytics platform to enable the secure processing and standardisation of clinical 
text within TREs. By integrating established clinical NLP tools with AI-assisted concept 
mapping and data transformation pipelines, TRExt enables information extracted from 
unstructured health records to be represented within widely adopted health data standards 
such as OMOP and CDISC.  Enabling these capabilities for TRE providers has the potential 
to substantially expand the types of health data that can be used in multi-institutional research, 
improving the reuse of routine clinical data and supporting new forms of population health, 
clinical, and translational research.  Future work will include evaluating the quality of the 
generated OMOP data using the OHDSI Data Quality Dashboard, improving the performance 
of the pipeline, and validating it with real sensitive data.  We will also continue our ongoing 
engagement activities with researchers and the public to ensure responsible and trustworthy 
use of AI-enabled health data technologies. 

Study context 

This study forms part of the DARE UK Next-Gen Catalysts Programme and incorporates public 
involvement and engagement (PIE) activities coordinated through the SAIL Databank.  Ethical 
approval for the PIE activities has been granted from the University of Nottingham REC.  The 
project team includes collaborators from academic institutions, national data infrastructures, 
and health data research initiatives. The tools developed in this work will be released in a form 
that can be deployed by TRE providers to support secure, federated analysis of free-text data. 
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1 Introduction

Automated chest X-ray report generation holds significant promise for reducing the reporting

burden on radiologists and improving turnaround times in clinical settings. However, current

neural systems still produce factual hallucinations — clinically erroneous assertions that un-

dermine diagnostic reliability and remain a critical barrier to safe deployment [1, 2]. Recent

transformer-based and large language model (LLM) approaches have achieved impressive lexi-

cal fluency, yet they function primarily as statistical text completers, relying on pattern recogni-

tion without genuine understanding of medical structure or causal-temporal relationships [3, 4].

Knowledge-guided methods partially address this by improving interpretability [5]. Following

research introduces Nesy-Gen (Neuro-Symbolic Graph-guided Generator), a dual-path architec-

ture that unifies visual perception, temporal biomedical knowledge graph reasoning, and ante-hoc

verification. The system is designed to produce reports that are both linguistically coherent and

independently verifiable against structured biomedical knowledge, offering a transparent and au-

ditable evidence trail for clinical review.

2 Methods and Data

Datasets. We use two standard radiology benchmarks: IU X-ray [6] and MIMIC-CXR [7]. The

7:1:2 train/validation/test split is used for IU X-ray, following prior work [8], and the official

split is applied for MIMIC-CXR. To prevent data leakage, all Chest ImaGenome longitudinal

pairs used in temporal graph construction are strictly excluded from the test evaluation [9]. As

illustrated in Figure 1, Nesy-Gen comprises three tightly coupled modules:

1. Vision-Entity Cross-Attention (VECA). A Swin Transformer encodes the chest X-ray into

spatial patch features. Clinical indication text is parsed using ScispaCy [10] to extract

medical entities, which are then embedded via TransE [11] and aligned to PrimeKG nodes.

Cross-attention between image regions and indication entities ensures that visual represen-

tations are semantically grounded — for example, suppressing peripheral image regions

when the clinical indication is "shortness of breath" in favour of pulmonary and cardiac

regions. TransE is selected for its efficiency on large-scale KGs; entity embeddings are

1
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frozen to preserve pre-learned relational structure, while projection layers remain train-

able.

2. Temporal Subgraph Construction. For each patient, a subgraph of PrimeKG is extracted

by identifying relevant disease, phenotype, anatomy, drug, and biological process nodes

from the report and linking them via a temporal Steiner tree algorithm. Edge weights

balance temporal distance and clinical relevance, prioritising causal and localisation re-

lations. Synthetic temporal progression edges are generated from domain templates (e.g.,

cardiomegaly→ pulmonary oedema→ pleural effusion) to densify sparse

longitudinal supervision.

3. Multimodal Constraint Verification (Consistency Gate). Before any token is accepted for

output, it must satisfy three conditions simultaneously: (a) NLI entailment — a BioBERT-

based verifier confirms the candidate statement is entailed by the visual evidence; (b) vi-

sual grounding — cross-attention confirms the predicted finding is spatially supported in

the image; and (c) graph reachability and logic consistency — Logic Tensor Networks

(LTN) [12] evaluate candidate assertions against first-order clauses encoding biological

plausibility, anatomical localization validity, and finding-to-diagnosis connectivity. To-

kens failing any condition are flagged or rejected; uncertain assertions receive uncertainty

markers rather than silently propagating.
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Figure 1: Nesy-Gen dual-path architecture. The Vision Branch (left) extracts spatially grounded

image features aligned to clinical indications. The Neuro-Symbolic Branch (right) extracts a

temporal patient subgraph from PrimeKG and evaluates logical consistency via LTN. The Con-

sistency Gate (centre) accepts tokens only when entailment, visual grounding, and graph reach-

ability are jointly satisfied.

Training and Hyperparameter Selection. Gate thresholds and loss weights are selected on

validation data using a grid search that filters candidates by clinical safety constraints before

optimising for a Pareto-optimal configuration balancing fluency and clinical faithfulness. Op-

timisation uses AdamW with a 5-epoch linear warmup followed by cosine decay. This staged

approach ensures the final model prioritises biological consistency over raw fluency.

2
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Evaluation Metrics. We report BLEU-1 through BLEU-4, ROUGE-L, and METEOR for text

quality. Entity-level clinical correctness is assessed via Precision, Recall, and F1: for each pre-

dicted/reference report pair, medical entities are extracted and linked to PrimeKG nodes, and

overlap is computed at the entity level. Per-sample scores are averaged across the test set to

measure clinical concept recovery beyond surface fluency.

3 Results

Table 1 summarises performance on both datasets. On IU X-ray, Nesy-Gen achieves state-of-the-

art results across most metrics including BLEU and entity-level F1. On MIMIC-CXR, the model

records the best METEOR score (27.4 vs. 16.7 for TRRG, the strongest competing baseline)

and the highest clinical F1 (43.1 vs. 39.3), demonstrating that the neuro-symbolic constraints

yield the most substantial gains on the more clinically complex dataset. Adding VECA alone

improves visual-indication alignment, reflected in BLEU gains. The LTN module provides the

largest single-component gain in clinical precision and F1, confirming that logical consistency

verification is the most impactful component for entity-level correctness.

Table 1: Performance comparison on IU X-ray and MIMIC-CXR. Bold: best. Underline: second

best. BL = BLEU, MR = METEOR, RGL = ROUGE-L.
Model / Variant BL1 BL2 BL3 BL4 MR RGL P R F1

IU X-ray Dataset

KGAE [13] 41.7 26.3 1.81 12.6 14.9 31.8 – – –

TRRG [14] 48.2 30.2 21.7 15.1 20.9 37.7 – – –

R2Gen [8] 47.0 30.4 21.9 16.5 18.7 37.1 – – –

Baseline (Swin+Trans) 39.2 24.5 17.8 11.2 15.5 31.2 33.8 27.4 30.3

+ VECA 44.1 29.8 21.1 15.4 18.8 34.5 37.1 31.8 34.2

+ Temporal ST 46.5 31.2 22.4 16.8 19.9 36.8 39.4 34.2 36.6

+ LTN 47.8 32.4 23.5 17.9 20.1 37.2 40.6 35.6 37.9

Ours (Full) 48.8 33.4 24.1 18.5 20.8 37.9 41.2 36.5 38.7

MIMIC-CXR Dataset

KGAE [13] 22.1 14.4 9.6 6.2 9.7 20.8 – – –

TRRG [14] 43.6 29.8 21.3 15.7 16.7 33.6 40.3 39.9 39.3

R2Gen [8] 35.3 21.8 14.5 10.3 14.2 27.7 33.3 27.3 27.6

Baseline (Swin+Trans) 28.5 15.2 8.8 5.4 11.8 22.4 30.1 24.0 26.7

+ VECA 33.2 19.4 12.6 8.2 14.5 27.2 36.2 29.1 32.3

+ Temporal ST 35.8 21.0 13.8 9.9 22.0 28.5 41.0 33.4 36.8

+ LTN 36.8 21.8 14.4 10.2 26.8 29.4 44.7 35.9 39.8

Ours (Full) 37.5 22.8 14.1 9.8 27.4 30.2 48.5 38.8 43.1

Qualitative Analysis. Token-level inspection (Figure 2) confirms that clinically unsupported

phrases are suppressed when entailment, visual grounding, or graph reachability fails. Subgraph

visualisations (Figure 3) provide an auditable evidence trail — from extracted entities to accepted

report statements — that supports both error analysis and clinician review.

4 Conclusion

This work demonstrates that integrating neuro-symbolic constraints into multimodal radiology

report generation can meaningfully improve clinical reliability beyond what fluency-focused neu-

3
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Figure 2: Token-level comparison of Nesy-Gen (left) and R2Gen [8] (right) on IU X-ray. Nesy-

Gen suppresses baseline-only errors such as cardiomegaly (sground = 0.18) and clear bilaterally

(no T ∗ path to Normal Lung).
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Figure 3: Temporal Steiner Subgraph extracted from PrimeKG for Dyspnea (IU-Xray).

ral baselines achieve. Nesy-Gen’s ante-hoc verification approach — enforcing entailment, visual

grounding, and biological plausibility jointly before token generation — strengthens entity-level

correctness across two established benchmarks. Current results show a 64% relative METEOR

improvement on MIMIC-CXR over the strongest prior baseline and the best clinical F1 score

overall. Key limitations include dependence on KG coverage and the quality of manually cu-

rated temporal progression rules, which may not generalise to rare findings. Future research will

focus on several directions to address these limitations. First, better uncertainty calibration is

required. For example, using conformal prediction methods with LTN scores will help the Con-

sistency Gate provide more detailed and accurate uncertainty markers. This is particularly useful

for rare cases where PrimeKG data is limited. Second, we are interested to improve the temporal

subgraph construction by including patient history from Chest ImaGenome. This will reduce the

need for manual rules and help the model handle unusual disease changes. Third, the entity-level

F1 metric is useful, but it does not show how serious a disease is. Therefore, future evaluations

will combine RadGraph scoring and CheXpert label matching to better measure the clinical ac-

curacy of the reports. Finally, the current model creates reports in one step. We could explore

a step-by-step improvement method where the Consistency Gate asks the model to rewrite only

the wrong parts to improve the report quality.
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5 Study Context

This submission reports research in the Department of Computer Science, University of Exeter.

The work is being developed in support of a planned studentship proposal. No patient contact or

prospective clinical intervention is involved; all experiments use de-identified, publicly available

datasets under their respective usage terms (IU X-ray [6], MIMIC-CXR [7], Chest ImaGenome

[9]). Research focus is on transparent AI behaviour for clinical safety. No conflicts of interest

are declared at this stage.
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Tools for User-focused Mining of the Biomedical Literature 
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Introduction 

PubMed is arguably the leading search engine for biomedical literature, encompassing well-
curated articles indexed in MEDLINE, open access full-text articles indexed in PubMed 
Central, and other collections. A tremendous amount of informatics research has been 
devoted to improving public users’ experience in retrieving articles relevant to a given query 
[e.g., 1-5]. Nevertheless, PubMed focuses on the broad needs of non-expert users, and offers 
limited options for detailed mining of retrieval results.  

Our research team has created a suite of free, public web-based tools that piggyback on 
PubMed queries and allow users to conduct specialized searches and mining analyses. I will 
provide demonstrations of one or more of these tools in real time in response to queries 
suggested by conference attendees.  

 

Methods and Data 

All tools described here, together with the underlying models and data, have been fully 
described in previous publications and either derive from PubMed metadata or are freely 
available on our project website https://arrowsmith.psych.uic.edu.  

 
Results 

The following tools will be available for demo at the conference: 

1. ARROWSMITH [6-8]. Identifies meaningful links between two sets of PubMed articles. 
This was the original tool devoted to Literature Based Discovery in 2001 and still 
maintained to date. 
 

2. Anne O’Tate [9, 10]. Carries out a PubMed query and permits users to drill-down, 
expand, summarize and mine retrieval results in a variety of ways. Some of its 
functionalities are unique and not available anywhere else. For example, one can 
selectively retrieve articles that have a specific number of authors on the paper, or 
articles that have been cited a particular number of times. One can also view words 
and phrases that are particularly over-represented in the retrieval set, author names, 
affiliations, journals, publication dates, and various ways of analyzing topics discussed. 
Of note, the tool displays publication types and study designs of the retrieved articles, 
both those indexed by NLM and those predicted by our in-house tool, Multi-Tagger 
[11]. (Note that Multi-Tagger will soon be superceded by an improved transformer-
based model not yet in production [12, 13]). For any article, the tool also displays the 
Citation Cloud that surrounds it, i.e., those articles that cite it, are cited by it, are co-
cited with it, and that are bibliographically coupled to it [14]. 
 

3. Trial-related tools. Besides the tools that are displayed within Anne O’Tate, several 
standalone tools are devoted to retrieving and analyzing clinical trial articles. For 
example, Trials to Publications allows users to input one or more registered trials in 
ClinicalTrials.gov, and receive a list of articles (both explicitly linked and predicted) that 
are likely to arise from that trial [15-17]. RCT Tagger takes one or more articles as 
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input and estimates the probability that the article(s) describe randomized controlled 
trial outcomes [18]. Aggregator takes a set of trial articles as input and attempts to 
identify which articles derive from the same underlying trial [19, 20].  
 

4. Finding Case Report Nuggets. This tool takes as input a topical PubMed query (e.g., 
bicycle injuries) and seeks to find “nuggets”, which are groups of five or more case 
reports that share the same or very similar main findings [21, 22]. This is intended to 
improve the signal-to-noise inherent in the case report literature. 

 
Conclusion 

Our suite of tools support a variety of specialized needs for individual users and research 
groups, ranging from identifying suitable reviewers for a given manuscript, to collecting trial 
and case report evidence for systematic reviews, to tracking how ideas flow through the 
literature, to assessing hypothesized links between findings made in disparate fields. A 
limitation is that our tools are based on PubMed and do not include all studies in all languages, 
nor in all ancillary fields such as pharmacy and physical therapy.  

 

Study context 

Ethics consideration and approvals – not applicable.  

 

Funding -- all tools described here have been supported by NIH grants to N.R.S. Current 
support is R01 LM014292/LM/NLM NIH HHS/United States. Funder had no influence on the 
study, its design, or its publication. 
 

Stakeholder involvement – several tools have been developed with strong input from user 
groups, particularly ARROWSMITH [23] and Multi-Tagger (submitted for publication).  

  

Availability of data and methods -- https://arrowsmith.psych.uic.edu.  

 

Conflicts of interest – none declared.  

 

Collaborators – collaborators are co-authors on the references listed for each tool.  
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Introduction: Abuse within older adults is a recognised global health concern (1) and can take many forms 
including physical, sexual, emotional or financial (2). Studies estimate that 10% of individuals over the age 
of 65% encounter some form of abuse (3). Abuse has been linked to a worsening of both psychological and 
physical health (1) and can result in co-occurring medical conditions and premature mortality (4). Specifically, 
abuse in older adults has been found to be associated with hospital use (5).  In addition, abuse is often under 
recognised by emergency department professional resulting in a higher risk for further abuse(6).  

Natural language processing has remained a valuable tool in processing and extracting valuable information 
from electronic health records (EHR). A previous NLP application was created which successfully extracted 
data on domestic, physical and sexual abuse (7). This study applies an updated version of this application 
which includes additional features such additional abuse types (psychological and financial) and the patient’s 
role (8). Applying this NLP, this study aimed to investigate the associations between older adult abuse and 
use of mental health services and emergency department attendance.  

Methods and Data: Data for this study was sourced using the Clinical Record Interactive Search (CRIS) to 
access deidentified EHR from the South London and Maudsley NHS Foundation Trust (SLaM). SLaM is one 
of the largest mental healthcare providers and covers four South East London boroughs. Data was sourced 
from both structured fields and free text using an NLP algorithm which builds on earlier work and used a fine-
tune multi-label BERT model to train annotated data from 6,500 text instances. The model includes detection 
of physical, sexual, emotional and financial abuse. The current study deployed this application to extract a 
new dataset on abuse for older adults who had at least one face to face appointment in adult mental health 
services (at SLaM) between 1st January 2007 and 31st December 2022. The BERT model was trained further 
(using 95% of the annotated dataset) and the remaining used for blind testing. The performance varied 
according to the abuse type; capturing financial, emotional, sexual, physical abuse well (precision/recall 
estimations for 651 instances: 83%/95%,81%/95%, 78/91%, 89%/55%).  

The outcomes assessed were emergency department attendance ascertained from linked Hospital Episode 
statistics and number of face-to-face contacts extracted via CRIS. Other characteristics extracted were age, 
gender, ethnicity, marital status and Index of Multiple Deprivation (IMD). IMD scores were divided into IMD 
tertiles. Ethnicity was dichotomised into White and non-White and marital status was dichotomised as 
married/cohabiting or not. 

Analyses were carried out using STATA 18 software (9). Cox regression models were generated to examine 
the association between recorded abuse and emergency department attendance. Negative binomial 
regression models were run to assess the associations between recorded abuse and number of mental health 
service face-to-face contacts. Models were adjusted for age, gender, ethnicity, marital status and deprivation. 
The sample was then stratified by gender, ethnicity, marital status and deprivation to further analyse the 
differences in outcomes for recorded abuse types. Patients were followed up from index date to first 
emergency department attendance, date of death or censoring date (31st December 2022).  

Results: Data from 14,591 patients seen by older adult mental health services was analysed. Patients had 
a mean age of 78.8 (7.5) years and 61.5% were female. 1,227 (8.4%) were experiencing abuse with physical 
abuse (64.6%, n=793) being the most common and 26.1% of these had records of more than one form of 
abuse. Those with recorded abuse were younger, more likely to be female, more likely to be married or 
cohabiting and from more deprived areas. The time until first emergency department attendance was found 
not to differ between those experiencing abuse (Survival time: 19.7, interquartile range: 8.6-47.6 months) and 
those not experiencing abuse (19.4, 8.7-43.7 months; p=0.284). In comparison to those without recorded 
abuse, the mean (SD) number of mental health contacts in the year was higher in those with recorded abuse 
(11.1 (11.5), p<0.001).  

The regression model found no significant association between recorded abuse and emergency department 
attendance. A significant association between abuse and higher mental health service contact was found for 
those in a non-white ethnic group, patients married/cohabiting and those from the least deprived 
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neighbourhoods. Considering the types of recorded abuse, emotional abuse was found to be associated with 
a 13% increased risk of A&E attendance. All types of abuse were found to be significantly associated with 
higher mental health contacts with sexual abuse having the strongest associations (HR:2.35, CI:1.93-2.86).  

Conclusion: Abuse experience is commonly recorded in older adults and has been linked to worsening 
physical and mental health (1). The current study applied a BERT-derived NLP algorithm successfully to 
investigate outcomes of recorded abuse, which would hitherto have not been possible using healthcare data. 
When considering abuse types, only emotional abuse was found to be associated with increased risk of 
emergency department attendance, but all types of abuse were associated with higher mental healthcare 
contacts.  

The main constraints of the study were the restriction of the cohort being used from a single south London 
catchment area and some variable reduction for ethnicity and marital status when conducting the analysis. 
Further investigation would benefit from a broader geographical scope encompassing data from a larger 
spectrum. It would also be beneficial for further studies to highlight and raise awareness so that more 
vulnerable groups are captured.  

Study context: The data analysed in this study is subject to the following licenses/restrictions: All the relevant 
aggregate data are found within the article. The data used in this work have been obtained from CRIS.  
It provides authorised researchers regulated access to anonymised information extracted from SLaM's 
electronic clinical records system. Individual-level data are restricted in accordance with the strict patient-led 
governance. Research use of the source data, including all work described here, is covered by approval from 
Oxford Research Ethics Committee C, reference 23/SC/0257. Data are available for researchers who meet 
the criteria for access to this restricted data: (i) SLaM employees or (ii) those having an honorary contract or 
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Introduction 

Many clinically important details needed for high-quality real-world evidence (RWE) studies are 
captured only in unstructured clinical notes, including pathology and radiology reports. In this context, 
clinical data enrichment refers to the systematic transformation of such unstructured information into 
structured, analysis-ready datasets—improving completeness, consistency, and usability for 
downstream research rather than introducing new clinical knowledge. Large language models (LLMs) 
are increasingly used for this task, offering strong performance in interpreting complex clinical 
narratives and extracting structured variables [1], [2]. 
Despite these advantages, LLM outputs remain vulnerable to hallucinations and missing or defaulted 
values. Studies have shown that even guard-railed clinical pipelines require explicit mitigation 
strategies to minimise hallucinated or incomplete extractions [3], [4], [5]. Additionally, unlike smaller 
language models such as BERT-based systems [6], LLMs do not natively provide calibrated 
confidence metrics to indicate uncertainty in their outputs. A range of mitigation strategies has 
therefore been proposed, including layered prompting architectures, retrieval augmentation, 
post-generation verification, and ensemble approaches [7], [8]. 
These challenges are amplified in real clinical settings, where analysts often cannot access original 
reports owing to governance and confidentiality constraints. This limits direct verification of extracted 
values and makes it harder to assess transparency and output confidence in routine workflows. 
In response, ensemble approaches have emerged as a practical strategy for improving reliability and 
making uncertainty more transparent. Surveys highlight ensemble LLMs as a growing research 
direction capable of improving robustness by reducing variance and correlated errors across models 
[8]. In operational pipelines, disagreement between ensemble members can be interpreted as a 
pragmatic proxy for extraction uncertainty, providing an auditable signal for prioritising human review 
rather than treating all LLM outputs as uniformly reliable. This paper evaluates three ensemble 
methods for extracting clinical features from pathology reports and quantifies their effect on both 
accuracy (benchmarking outputs against ground-truth annotations) and disagreement rate (the 
proportion of reports where ensemble members conflict). The aim is to identify practically deployable 
configurations that enrich structured datasets with reliable values while making uncertainty explicit, 
including configurations that achieve strong performance without always relying on the most 
computationally demanding models. 
 

Methods and Data 

Data: This study used 491 anonymised pathology reports from a single NHS trust. Five clinical 
features were analysed: oestrogen receptor (ER), progesterone receptor (PR), human epidermal 
growth factor receptor 2 (HER2), P53, and mismatch repair proteins (MMR). For each feature, 100 
reports were manually annotated: 50 reports contained no mention of the feature or did not provide a 
specific value, while the remaining 50 included a clearly identifiable value (e.g., positive, negative, or 
other stated results). 

Methodology: We evaluated three ensemble approaches for extracting clinical features from 
pathology reports: 

• Multi-prompt approach: A single LLM is queried using two complementary prompts: (i) a 
feature-specific prompt using clinical context and few-shot examples, and (ii) a general clinical 
prompt that returns a structured JSON summary of all detected features. Outputs are 
compared to identify consistent values. 

• Multi-LLM approach: Two different LLMs receive the same feature-specific prompt, allowing 
cross-model comparison. Disagreement highlights uncertain cases and reduces the risk of 
single-model hallucinations. This study focuses on two-model pairings. 
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• LLM-as-a-judge approach: An LLM first extracts a proposed value using a feature-specific 
prompt, then evaluates the plausibility of that extraction in relation to the full report via a 
second prompt using the same model. 

Models: To assess the effect of model size and model families on ensemble behaviour, we evaluated 
a range of open-source instruction-tuned LLMs grouped into three parameter buckets: small 
(LLaMA-3.2-3B [9]), medium (Mistral-7B [10], LLaMA-3-8B [9], Qwen2-7B [11], Falcon-3-10B [12]), 
and large (Gemma-3-27B [13], LLaMA-3.1-70B [9], LLaMA-3.3-70B [9]). 

Evaluation: We report extraction accuracy (ACC) for each individual model, and for ensemble 
approaches, the accuracy restricted to the subset of reports where ensemble members agreed 
(reported as agreement-filtered accuracy). We also report disagreement rate (DR), defined as the 
proportion of reports yielding conflicting outputs, representing cases that would require secondary 
validation. While DR is not a calibrated confidence estimate, it provides an interpretable proxy for 
extraction uncertainty in operational data pipelines. 

Results 

Our evaluation confirms the general trend that larger LLMs perform best: both LLaMA-3.1-70B and 
LLaMA-3.3-70B reached ~98% average accuracy, mid-sized models such as Falcon-3-10B (96.4%) 
and LLaMA-3-8B (96.2%) were close behind, while Qwen2-7B (92.0%) and Mistral-7B (87.2%) 
lagged, and LLaMA-3.2-3B performed weakest (73%). 

Across ensemble strategies, the multi-prompt ensemble delivered the largest mean accuracy gain 
(+3.96%), but at the cost of a higher disagreement rate (18.78%)—with substantial variation by model 
(+0.9% accuracy for LLaMA-3.3-70B up to +13.72% for LLaMA-3.2-3B; disagreement rate from 8.6% 
for LLaMA-3.3-70B to 30.8% for Mistral-7B). By contrast, the LLM-as-a-judge approach yielded a 
smaller mean accuracy gain (+0.71%) but also a much lower disagreement rate (3.43%), though we 
note occasional accuracy decreases (e.g., −2.79% for LLaMA-3.2-3B; best gain +1.6% for Mistral-7B; 
disagreement spanning 1.2% for LLaMA-3-8B to 7.8% for Mistral-7B). For the two-LLM ensembles, 
efficacy depends strongly on the pairing. Using LLaMA-3-8B as an anchor, pairing with a 70B LLaMA 
raised accuracy by up to +2.35% with a moderate disagreement rate (~3%). Pairing models of the 
same size but different families was particularly promising with LLaMA-3-8B + Falcon-3-10B (Acc = 
98.13%, with an accuracy gain for Llama-3-8B of +1.93%, 3.6% disagreement rate), whereas 
combinations with Qwen2-7B (+1.54%, 7.6%) and Mistral-7B (+0.71%, 18.6%) were less favourable. 

Qualitative inspection of disagreement cases suggested common failure modes among weaker 
models, including confusion between equivocal and negative results, incorrect assumptions of 
absence when features were referenced indirectly, and hallucinated values when reports described 
pending or recommended tests. Larger models were more robust to fragmented reporting styles and 
long-range dependencies, and cross-family ensembles likely improved performance because their 
errors are less correlated than those of closely related models. 

Conclusion 

Our evaluation demonstrates substantial variation across both the tested LLMs and the ensemble 
techniques, with model size and architecture influencing extraction accuracy and disagreement rates. 
While larger models achieved the strongest standalone performance, carefully selected ensemble 
configurations—particularly cross-family medium-sized model pairs—can provide comparable 
accuracy while making extraction uncertainty explicit via model disagreement. Notably, combining 
LLaMA-3-8B with Falcon-3-10B produced high accuracy for a medium-sized model pair, with only 
3.6% of reports flagged for further review, indicating a strong balance between reliability and 
operational efficiency. More broadly, this pattern is consistent with the general ensemble-learning 
principle that ensembles are most beneficial when member models do not fail in the same way. 
Recent evidence in LLM settings shows that error correlations can be substantial and are influenced 
by shared architectures and providers, motivating the use of heterogeneous model families when 
feasible [14]. These findings suggest that ensemble disagreement can serve as a transparent and 
operationally useful signal for prioritising human review, enabling more efficient and auditable clinical 
data enrichment workflows without reliance on the most computationally demanding models. 
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Introduction 

Medical coding (translating clinical narratives into standardized ICD-10 and OPCS-4 codes) 
is the financial backbone of the NHS, directly determining how billions in funding are allocated 
to hospitals [1,2]. Every discharge summary must be reviewed by a trained clinical coder who 
reads dense free text, identifies relevant conditions and procedures, and assigns the correct 
codes. Yet the profession faces a convergence of crises: 1) The NHS vacancy rate for coders 
sits at 6.7% with over 100,000 unfilled posts as of late 2025; 2) Coding errors cost the NHS 
up to £1 billion annually in inaccurate reimbursement; 3) Coders often struggle with poor 
source documentation from clinicians [3]. 
 
Cogstack currently has deployed natural language processing models to perform medical 
coding and this has shown an uplift of £2 million per year annually per NHS Trust; however, 
long-stay complicated and impatient cases are not able to be solved with this current solution. 
There is a need for more robust handling of lengthy clinical records [4]. This project thus aims 
to explore the use of large language models and semi-autonomous agents in agentic 
architecture to be able alleviate some of the workflow pressures that medical coders face. 
 

Methods and Data 

The system is a multi-container application consisting of a Google ADK agentic backend 
(Python), a Clinical API service (FastAPI), and a frontend (TypeScript/React). Patient data is 
stored and searched via OpenSearch (MIMIC-IV dataset), code lookups use ChromaDB, and 
agent sessions persisted in SQLite with multi-tenant isolation. MedGemma 1.5 integration: 
MedGemma 1.5 is integrated at two levels (1) as the LangExtract extraction model for 
structured entity extraction from clinical text, and (2) as the Clinical API's LLM for code 
refinement and mapping [5]. The system supports multiple deployment modes for MedGemma 
1.5: cloud via Gemini API, local via vLLM (quantized 4-bit), or via Ollama all configurable 
through environment variables without code changes. 

Agentic workflow (via Google ADK): The ReACT-style agent [6] recursively searches EHR 
documents, extracts entities, maps to ICD-10 and OPCS-4, and presents results after 
completing a 5-step pipeline autonomously per discharge summary (see Figure 1). 

The large language model entity extraction step uses Google’s LangExtract package for smart 
chunking of documents with parallel parsing to assign various clinical attributes towards each 
entity extracted. Each subagent has session context injection via callbacks; and for robust 
agentic execution in production systems, our system has a system for error handling. There 
is a custom callback for tool calls to prevent hallucination of patients’ and document ID by the 
agent and additionally uses an additional ‘Reflect-and-Retry' tool to allow the agent to retrace 
their approach in case of errors. 
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Figure 1. Agentic architecture displaying how ReACT subagents and agents are laid out in 
sequential order to accomplish the coding workflow. The icons denote the tools that are 

exposed to each subagent. 

 

Data for Agent Grounding 

A vector database of ICD-10 NHS (5th edition) and OPCS-4.11 codes and the app uses 
retrieval augmented generation (RAG) to ensure outputs are grounded to the NHS’ required 
outputs. [1,2] 
 

Deployment & feasibility 

The application is deployed through two dockerized containers on the King’s College London 
Computational Research, Engineering and Technology Environment and uses Langfuse 
observability tracing and PostHog analytics [7]. Open weight models are served via vLLM with 
document caching on an Nvidia A100 Tensor Core GPU. The privacy-first option allows the 
entire stack including MedGemma 1.5 to run locally with no data leaving the institution's 
network [7]. Key challenges and mitigations: LLM hallucination in medical coding is addressed 
through the dual-pipeline validation approach (compare MedGemma 1.5 output against 
deterministic MedCAT mappings) [8]. Clinical adoption requires trust addressed through 
traceable provenance from extracted text span to SNOMED CUI to final code, and a human-
in-the-loop review interface where coders accept/reject each suggestion. 
 
Conclusion 

Cogstack Coder is a modern, on-prem agentic workflow system that uses a dual AI-system 
validation pathway for medical coding with a consideration for the human-in-loop workflow. 
Currently it is deployed on CREATE Cloud and being co-developed with the medical coding 
team at Guys and St Thomas’ NHS Trust. Future evaluation and results work will be carried 
out across both the MIMIC-IV dataset and local NHS data. 
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Study context 

There are no conflicts of interest to declare. 

This work does not require ethics consideration as it is part of service improvement. Current 
iteration does not involve the use of any live patient data from NHS Trusts.   

Collaborators: Guys and St Thomas NHS Trust medical coding team  
Data availability: MIMIC-IV dataset is available to researchers via PhysioNet  
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1 Introduction

Multimodal prediction in intensive care increasingly combines structured physiological tra-

jectories with clinical notes [1, 2, 3]. However, fair comparison across studies remains diffi-

cult because the two modalities follow different temporal recording processes: vital signs and

laboratory tests are charted close to observation time, whereas notes are written more sparsely

and often summarise events over a broader period. As a result, seemingly minor alignment

choices can introduce post-anchor information and inflate predictive performance [4, 5]. Despite

growing interest in multimodal ICU modelling, there is still no standard benchmark for evaluat-

ing how time-alignment protocols affect performance or for distinguishing leakage arising from

future structured values versus future-oriented note content. This is particularly important in

note-centred pipelines, where a note timestamp is used as the reference point for constructing

multimodal inputs, but the note itself may contain retrospective and prospective statements.

We present TIMELY-Bench, a reproducible note-anchored benchmark for multimodal ICU

prediction in MIMIC-IV [6]. The benchmark defines leakage-controlled alignment settings and

uses a simple 2×2 analysis to separate apparent performance gains due to future structured mea-

surements from those due to note content. Across four clinical prediction tasks, we show that

AUROC inflation under leaked conditions is driven almost entirely by structured data leakage,

while text leakage is negligible under note-level pooled embeddings.

2 Methods

Cohort and tasks. We used MIMIC-IV [6] to construct a multimodal ICU cohort with

74,829 stays. Each stay was represented by 42 structured variables extracted over the first 72

hours, together with clinical notes recorded within the first 48 hours. We evaluated two patient-

level outcomes: in-hospital mortality and prolonged ICU length of stay. To test whether the

same temporal effects generalise beyond standard benchmark tasks, we additionally examined

progression from Acute Kidney Injury (AKI) Stage 1 to Stage 2 or above [7], and progression

from sepsis to septic shock [8].

1
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Note-anchored alignment. Each note timestamp T was treated as an anchor time for con-

structing multimodal inputs. For structured data, we defined several pre-anchor lookback win-

dows, including same-day aggregation up to T (D0) and rolling 6-, 12-, and 24-hour windows

(W6/W12/W24). To create an intentionally leaked setting, we also defined a symmetric 48-hour

window spanning [T − 24, T + 24], which includes post-anchor measurements. For the patient-

level benchmark release, we retained the final note occurring within the first 48 hours of each

ICU stay as the representative anchor instance.

Text representations and leakage control. Clinical notes within the selected text window

were embedded using ClinicalBERT [3]. We considered two text conditions. In the original text

condition, note embeddings were used without temporal filtering. In the clean text condition,

we reduced the influence of future-oriented content using DocTimeRel labels, down-weighting

notes with a higher proportion of sentences marked AFTER relative to document time [9].

Baselines and evaluation. We compared structured-only, text-only, early-fusion, and late-

stacking baselines using logistic regression and XGBoost. Evaluation used predefined subject-

level splits with a held-out test set and 5-fold cross-validation on the training portion.

2×2 leakage analysis. To quantify where performance inflation comes from, we focused on

early-fusion XGBoost and defined four conditions: A = leaked structured + original text; B =

leaked structured + clean text; C = clean structured (W24) + original text; D = clean structured

(W24) + clean text. The total leakage effect is measured by A−D. The contribution of structured

leakage is approximated by B −D, and the contribution of text leakage by C −D.

3 Results and Conclusion

Across all four tasks in TIMELY-Bench, performance inflation under leaked settings was

driven almost entirely by future structured measurements rather than note content (Table 1). Total

AUROC gains from leakage were +0.0154 (mortality), +0.0508 (prolonged ICU stay), +0.0463

(AKI progression), and +0.0399 (sepsis to septic shock). Modifying text to control for leakage

yielded nearly identical performance, demonstrating that text leakage contributes negligible ad-

ditional signal. This likely occurs because note-level embeddings pool and dilute isolated future-

oriented sentences within broader clinical context. Consequently, rigorous control of structured

lookahead must be a first-order design requirement for multimodal EHR research. While text

leakage was minimal in this setting, it should not be generalised uncritically; future work will

extend the benchmark to finer-grained (e.g., sentence- or span-level) text representations, broader

note categories, and external multi-site validation.

Table 1: 2×2 leakage analysis across four tasks (early-fusion XGBoost, mean AUROC). A =

leaked structured + original text; B = leaked structured + clean text; C = clean structured (W24)

+ original text; D = clean structured (W24) + clean text.
Task A B C D A − D

Total

B − D

Struct.

C − D

Text

Mortality 0.9232 0.9231 0.9079 0.9079 +0.0154 +0.0153 +0.0000

Prolonged LOS 0.9368 0.9370 0.8856 0.8860 +0.0508 +0.0510 −0.0004

AKI progression 0.9176 0.9172 0.8709 0.8714 +0.0463 +0.0459 −0.0004

Sepsis to septic shock 0.9845 0.9844 0.9446 0.9446 +0.0399 +0.0399 +0.0000

2
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4 Study Context

Ethics and approvals. This work uses de-identified MIMIC-IV data under PhysioNet cre-

dentialed access and data use agreements [6]. No direct patient contact or intervention was

involved. Under King’s College London research governance policy, secondary analysis of fully

de-identified public datasets does not require separate ethical approval.

Funding. This work received no external funding.

Stakeholder involvement. No direct patient and public involvement was performed for this

retrospective benchmarking study.

Data/method availability. Source data are available through credentialed PhysioNet access.

Code and benchmark artefacts will be shared via the project repository and tagged release.

Conflicts of interest. The authors declare no competing interests.

References

[1] Khadanga S, Aggarwal K, Joty S, Srivastava J. Using Clinical Notes with Time Series Data

for ICU Management. In: Proceedings of the 2019 Conference on Empirical Methods in Nat-

ural Language Processing and the 9th International Joint Conference on Natural Language

Processing (EMNLP-IJCNLP); 2019. p. 6432-7.

[2] Deznabi I, Iyyer M, Fiterau M. Predicting in-hospital mortality by combining clinical notes

with time-series data. In: Findings of the Association for Computational Linguistics: ACL-

IJCNLP 2021; 2021. p. 4026-31.

[3] Alsentzer E, Murphy JR, Boag W, Weng WH, Jin D, Naumann T, et al. Publicly Available

Clinical BERT Embeddings. In: Proceedings of the 2nd Clinical Natural Language Process-

ing Workshop; 2019. p. 72-8.

[4] Johnson AEW, Pollard TJ, Mark RG. Reproducibility in critical care: a mortality prediction

case study. In: Proceedings of the 2nd Machine Learning for Healthcare Conference. vol. 68

of Proceedings of Machine Learning Research; 2017. p. 361-76. Available from: https:

//proceedings.mlr.press/v68/johnson17a.html.

[5] Davis SE, Matheny ME, Balu S, Sendak MP. A Framework for Understanding Label Leak-

age in Machine Learning for Health Care. Journal of the American Medical Informatics

Association. 2024;31(1):274-80.

[6] Johnson AEW, Bulgarelli L, Shen L, Gayles A, Shammout A, Horng S, et al. MIMIC-IV, a

freely accessible electronic health record dataset. Scientific Data. 2023;10(1):1.

[7] Kidney Disease: Improving Global Outcomes (KDIGO) Acute Kidney Injury Work Group.

KDIGO Clinical Practice Guideline for Acute Kidney Injury. Kidney International Supple-

ments. 2012;2(1):1-138.

[8] Singer M, Deutschman CS, Seymour CW, Shankar-Hari M, Annane D, Bauer M, et al. The

Third International Consensus Definitions for Sepsis and Septic Shock (Sepsis-3). JAMA.

2016;315(8):801-10.

3

— 143 —

https://proceedings.mlr.press/v68/johnson17a.html
https://proceedings.mlr.press/v68/johnson17a.html


[9] Styler WF IV, Bethard S, Finan S, Palmer M, Pradhan S, de Groen PC, et al. Temporal

Annotation in the Clinical Domain. Transactions of the Association for Computational Lin-

guistics. 2014;2:143-54.

4

— 144 —



Depression Severity Estimation via Speaker Diarization and

Multi-Task Learning with Multimodal Cross-Attention

Tao Wang1, Zhuoyuan Tang1, Kai Yang2, Li Yuan3, Angus Roberts1

1Department of Biostatistics and Health Informatics, King’s College London, UK.
2College of Economics, Shenzhen University, China.

3School of Software Engineering, South China University of Technology, China

Abstract

Background

Depression is a leading global health crisis affecting over 300 million individuals worldwide. Accurate

and timely diagnosis is critical to enable effective treatment and reduce the broader burden. Current assess-

ment practice relies on clinical interviews and standardised scales such as the PHQ-8, which are inherently

subjective, resource-intensive, and susceptible to recall and rater bias. Recent advances in multimodal ma-

chine learning offer a promising path toward objective, scalable assessment by integrating acoustic, visual,

and linguistic cues. However, existing methods typically process modalities through isolated pipelines [1]

and predict depressive symptoms independently [2], failing to capture cross-modal interactions and inter-

symptom dependencies, resulting in suboptimal feature fusion and incoherent severity estimates.

Methods

To address these limitations, this work presents a novel, end-to-end multimodal framework for depression

detection. This framework includes three key components:

• Speaker diarization: Clinical interview recordings inherently contain both patient and interviewer

speech. To prevent the model from learning spurious patterns driven by interviewer questioning

strategy, we employ pyannote speaker diarization [3] to precisely segment audio and transcripts

by speaker, strictly isolating patient utterances. This ensures that all downstream predictions are

grounded exclusively in the patient’s own linguistic and behavioural signals.

• Multimodal cross-attention fusion: Textual transcripts, facial action units, and acoustic features

are first encoded using RoBERTa, OpenFace, and OpenSMILE respectively, before being passed

through shared Bidirectional LSTM (BiLSTM) encoders to capture temporal dynamics within each

modality. A multimodal cross-attention mechanism [4] is then applied to explicitly model the in-

teractions across these three complementary data streams, enabling richer and more contextually

informed feature fusion than isolated pipelines permit.

• Multi-task severity prediction: Rather than predicting the aggregate PHQ-8 score directly [1] or

treating each questionnaire item independently [2], we formulate depression severity estimation as

a Multi-Task Learning (MTL) problem in which each PHQ-8 item constitutes a distinct but inter-

related task. This design allows the network to explicitly model inter-symptom dependencies, such

as the relationship between sleep disturbance and fatigue, before producing a final severity esti-

mate. The MTL framework is jointly optimised using a weighted Imbalanced Ordinal Log-Loss

1
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(ImbOLL), which penalises misclassification of rare high-severity instances and directly addresses

the pervasive class imbalance in clinical datasets.

We evaluate the proposed framework on the Extended Distress Analysis Interview Corpus (E-DAIC) [5],

assessing predicted PHQ-8 severity scores against gold-standard labels using Concordance Correlation

Coefficient, Mean Absolute Error, and Root Mean Squared Error, and benchmark performance against

current state-of-the-art (SOTA) methods.

Results

The proposed framework was evaluated across five independent runs with different random seeds. It

achieved an average CCC of 0.68 (higher is better), MAE of 3.62 (lower is better), and RMSE of 4.85

(lower is better), outperforming current SOTA results of CCC = 0.662, MAE = 3.95, and RMSE =

5.25, demonstrating the effectiveness of the proposed approach. Ablation studies confirm the contri-

bution of each component. First, patient speech isolation via speaker diarization effectively removes

interviewer noise, ensuring predictions are driven solely by patient-specific signals. Second, multimodal

cross-attention fusion over RoBERTa, OpenFace, and OpenSMILE features captures complementary lin-

guistic, facial, and prosodic cues that isolated pipelines fail to leverage. Third, the MTL formulation with

cross-task attention and weighted ImbOLL produces coherent severity estimates while addressing class

imbalance across PHQ-8 items. Furthermore, our analysis of PHQ-8 question dependency reveals that

PHQ_1 (loss of interest), PHQ_2 (depressed mood), and PHQ_6 (feelings of failure) exhibit the strongest

pairwise correlations (r > 0.7), directly validating our assumption that depressive symptoms are clinically

interdependent and benefit from joint modelling.

Conclusion

This work demonstrates that explicitly modelling PHQ-8 item structure through MTL with multimodal

cross-task attention, combined with patient speech isolation via speaker diarization, achieves state-of-the-

art depression severity estimation. These results validate that jointly modelling inter-symptom depen-

dencies and removing interviewer noise meaningfully improves automated assessment. Future work will

focus on extending the framework to broader mental health conditions, improving model interpretability

to support clinical trust, and prospective validation in real-world healthcare settings.
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Introduction  

Models based on the transformer encoder architecture (1) have seen significant performance 
increases since the release of BERT (2) in 2018. These improvements have been made both on 
general English language datasets through modifications to training task (RoBERTa (3), ELECTRA 
(4), deBERTa V3 (5)), new methods of positional encoding (MosaicBERT (6), deBERTa (7), 
ModernBERT (8)) and increases in context length (MosaicBERT (6), NomicBERT (9), ModernBERT 
(8)), and on domain specific datasets predominantly through domain adaptive pre-training (10). 
Performance improvements in Pre-Trained Language Models (PLM’s) are measured on standard 
datasets such as MultiNLI (11), SQuAD (12), GLUE (13) and Super GLUE (14), while domain specific 
language model (DSLM) performance is typically measured using a downstream domain specific task 
(15-17). In this study, we aim to assess the performance of a variety PLM’s and DSLM’s on a domain 
specific task to examine whether improved in PLM performance is transferable to a task using domain 
specific language. The task used will be to fine-tune a classifier on each model to identify instances of 
canine involvement in road traffic accidents (RTA’s). As a secondary result, we will identify risk factors 
associated with RTA involvement in dogs including breed, age, sex, neuter status and urban/rural 
location. 

Methods and Data  

This study was conducted using veterinary electronic health records collected through the Small 
Animal Veterinary Surveillance Network (SAVSENT) (18). SAVSNET is a veterinary research 
and surveillance system established in 2008 that collects real-time clinical data from a 
sentinel network of participating veterinary practices across the United Kingdom. The 
network automatically captures consultation-level data directly from integrated practice management 
systems; of most relevance here, these data include the clinical narrative entered by the 
attending veterinarian during appointments, and relevant demographic information about both the 
animal and its geographic location. Training data for the fine-tuning of classifiers was obtained by 
filtering all SAVSNET records with the species “dog” using a regular expression. A subset of records 
identified by regular expression were then manually classified into one of four categories (See Table 
1), identifying any false positives that may have been captured by the regex. As the classes “RTA 
Involvement In Past” and “Possible RTA” were small compared to the “Confirmed RTA” and “Not RTA” 
classes, they were omitted from the dataset.  

A list of models tested in this study can be seen in Table 1. Each model was fine-tuned using the 
tokenizer and optimizer defined in the pre-training of that model. The optimizers were initialized with 
the same hyperparameters (learning rate = 2𝑒−5, Weight Decay=0.01, Batch Size=16) unless batch 
size needed reducing due to memory constraints (deBERTa V3-large (batch size=4), ModernBERT-
large (batch size=12) and MosaicBERT (batch size=12)). For models designed to handle context 
windows wider than 512 tokens, the model was given a maximum sequence length equal to the 
number of tokens in the longest input sequence in the training dataset after tokenization using that 
models given tokenizer. This avoided excessive memory usage storing padding tokens while allowing 
the larger context window to be utilized. For models with a maximum context window length of 512 
tokens, records with more than 512 tokens were truncated. Each model was fine-tuned using two 
NVIDIA RTX 4500 Ada Generation cards, with models being accessed via Huggingface and trained 
using the Huggingface Trainer Class. Early stopping was used to prevent overfitting, halting training 
when validation loss did not improve for three consecutive epochs. The loss function used was a 
standard cross entropy loss function. 
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After training, the best performing classifier was taken forward and used to classify all remaining 
records identified by regular expression as containing an RTA signal. All records identified as 
containing a positive signal were then used to train a multi-variable logistic regression model, 
calculating odds ratios for the variables of breed, age, sex, neuter status and location. Any records 
missing a date of birth, breed, sex, neuter status or location was removed from the dataset and where 
an animal had more than one record containing an RTA signal, one records was chosen at random to 
be taken forward to represent that animal.   

Table 1. Class sizes and token length distributions of clinical records in RTA training dataset. All 
lengths were obtained after tokenizing using the BERT tokenizer 

 
Class 

 
Size Class 

Mean Consult 
Length 

(WordPiece 
Tokens) 

Median 
Consult 
Length 

(WordPiece 
Tokens) 

Std Dev 
Consult Length 

(WordPiece 
Tokens) 

Maximum 
Consult Length 

(WordPiece 
Tokens) 

Confirmed RTA 238 161.12  127.00 
 

132.15  1026  

Not RTA 271 166.19  145.00  109.43 931 
RTA 
involvement in 
past 

19 82.95  57.00 
 

64.11  294  
 

Possible RTA 11 145.36 123.00 
 

88.68 293 

 

Table 2. PLM’s and DSLM’s on test in this experiment with release years 

Pre-Trained Language Models Domain Specific Language Models 
BERT-base (2018) (2) BioBERT (2020) (19) 
BERT-large (2018) (2) ClinicalBERT (2020) (17) 
RoBERTa-base (2019) (3) VetBERT (2020) (16) 
RoBERTa-large (2019) (3) PetBERT (2023) (15) 
deBERTa V3-base (2021) (5) DogBERT (2024) 
deBERTa V3-large (2021) (5) RoDogBERTa (2025) 
MosaicBERT (2023) (6) Clinical ModernBERT (2025) (20) 
NomicBERT (2024) (9)  
ModernBERT (2025) (8)  

 

 

Figure 1. Data Flow Diagram for Classifying Instances of RTA positives 
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 Results  

Using F1-Score as the metric to judge model performance, the highest performing model was 
DogBERT (F1=89.4%) followed by NomicBERT (F1=88.5%), VetBERT (F1=87.1%), deBERTa V3-
base (F1=86.2%) and both PetBERT and deBERTa V3-large (F1=85.7%). All results are detailed in 
Figure 2. In general, we see an improvement in PLM performance over time with models such as 
NomicBERT and deBERTa V3 showing improved performance over BERT-base, likely due to their 
architectural improvements. However, MosaicBERT, ModernBERT-base and ModernBERT-large 
showed poorer performance when compared to earlier BERT models iterations. We hypothesize that 
this is due to the nature of our data, with short consult lengths not allowing the model to make use of 
its wide context window. Of the DSLM’s it appears that models with training corpora closer to the 
target corpora performed better, with DogBERT (domain adapted on canine specific veterinary text) 
performing best. However, two DLSM’s exhibited poor performance. Clinical ModernBERT we 
hypothesize suffered from the same issues as ModernBERT. However, we expected improved 
performance from RoDogBERTa, given that it was domain adapted using a more model architecture. 
The fact that it achieved no performance gain over RoBERTa base (from which it was domain 
adapted) implies that a larger domain specific corpus is required to elicit performance improvements.  

 

Figure 2. F1-Score of all PLM’s and DSLM’s at classifying RTA involvement of dogs from veterinary 
electronic health records  

The results of the multi-variable logistic regression model can be seen in Figure 2. The model 
achieved an ROC AUC of 0.669, similar to the model using in the only other study these authors could 
find examining RTA instances in dogs (21). Our model suggests that that the most significant risk 
factor to a dog’s likelihood of being involved in an RTA is age, with the odds ratio of a dog being 
involved in an RTA decreases as a dog ages (compared to a geriatric dog) (Young Adult (95% CI 
3.16-5.12), Mature Adult (95% CI 2.43-3.8) and Senior (95% CI 1.27-2.05)). Age categories used are 
as defined by ND Harvey (22). Breed also appears to be a significant factor with the Generic Collie 
(95% CI 1.45-3.93), Hungarian Vizsla (95% CI 1.19-3.14) and Border Collie (95% CI 1.35-2.02) all 
showing increased odds ratios of RTA involvement compared with crossbreed. We hypothesize that 
this is likely due to behavioural factors such as chase behaviour which has been examined in other 
papers (23). The model also predicts that female dogs are less likely to be involved in RTA’s than 
male dogs (95% CI 0.75-0.91) and that neutered dogs are less likely to be involved in RTA’s than 
entire dogs (95% 0.72-0.89). However, these effects appear small when compared with breed and 
age. Location in an urban or rural environment does not appear to have a significant effect. 
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Table 3. Multivariable logistic regression model for risk factors associated with dogs involved in RTA’s 
attending primary-care veterinary practices in the United Kingdom 

 

 

Conclusion  

In this study we have shown that while optimum performance may still be achieved by a DSLM, 
domain adapted using an appropriate corpus, PLM’s have closed the performance gap. However, 
careful consideration should be takin in model selection, matching the features of the model to that of 
the text to be classified. From this, we have been able to show that both age and breeds are 
significant contributing risk factors to RTA involvement, with juvenile, young adult and mature adult 
dogs being more at risk, along with the Generic and Border Collie and Hungarian Vizsla breeds. 
These results are consistent with the only other study found on this topic, with the exception of breed. 
This is likely down to our ability to obtain a larger sample size. We acknowledge that although we 
have taken steps to measure model performance and validate results, language models make errors. 
With best performing we expect roughly 10% of consults to be misclassified. To address this in future, 
we can attempt to expand our training dataset for future studies and address edge cases in training.   
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Study context  

SAVSNET collates electronic health records from participating veterinary practices in near real-time 
with University of Liverpool ethics committee approval (RETH001081). This data is maintained within 
the University of Liverpool and not used in the prompting of any AI tool (e.g. ChatGPT, Claude, 
Gemini, Copilot) which may then use this information in its training of subsequent models. All models 
trained in this study were domain adapted and fine-tuned using University of Liverpool hardware and 
can be accessed through Huggingface. The dataset used in this study may not be made public due to 
the terms of our ethics agreement, but access to the SAVSNET database may be granted on 
reasonable request. Alternatively, a deidentified subset of the SAVSNET database (N=4415) may be 
accessed and used for proof of concept studies (https://www.liverpool.ac.uk/savsnet/research/using-
savsnet-data-for-research/). This PhD project is jointly funded by the University of Liverpool, 
Engineering and Physical Sciences Research Council (EPSRC) and Dogs Trust. The authors declare 
no conflicts of interest.  
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Introduction 

The development of labelled clinical free text data is essential for downstream tasks in digital health 
research, including training and evaluating natural language processing models. However, the 
availability of such data remains limited. Manual annotation of clinical documents is costly and time-
consuming because it requires specialist expertise, and the presence of personal information in free 
text further restricts data access. Open-source datasets are also difficult to release due to the risk of 
breaching patient or staff confidentiality. 

Several approaches have been proposed to address this data gap, including generating synthetic data, 
and weak supervision using structured signals derived from electronic health records (EHRs) to 
approximate labels (1). Many existing weak supervision methods rely on single structured signals, most 
commonly ICD-10 diagnosis codes. Although widely used for research and phenotyping, ICD-10 codes 
have well-documented limitations: coding accuracy varies across institutions due to their use in billing, 
and codes may reflect historical rather than incidence diagnoses, introducing misclassification and bias 
(2–4). Additionally, weak-supervision frameworks based on single heuristics may have limited precision 
(5–7).  

This study addresses these limitations by evaluating a novel weak-supervision approach that combines 
multiple EHR-derived signals for more precise diagnosis labelling, offering an efficient alternative to 
manual annotation. We apply this framework to identify the presence of venous thromboembolism 
(VTE) from hospital admission data, including deep vein thrombosis (DVT) and pulmonary embolism 
(PE) (8). The performance of individual and combined signals is assessed against a clinician-annotated 
reference dataset. 

Methods and Data 

The manually labelled dataset included 492 acute hospital admissions from Imperial College Healthcare 
NHS Trust. Annotation was completed by two resident doctors using relevant radiology reports to label 
each admission as PE, DVT, Both or No VTE. Across 96 double-annotated encounters, raw agreement 
was 81.2%, corresponding to substantial inter-annotator agreement (Cohen’s κ = 0.68, 95% CI 0.54–
0.81). Disagreements were resolved by adjudication to produce the final labels. The final labelled, de-
identified dataset contains 200 VTE cases including 123 labels for PE, 60 for DVT, 17 for Both and 292 
cases with No VTE.  

Weakly supervised labels were generated using structured EHR signals, including ICD-10 codes, 
radiology report types and prescription records. Positive labelling signals include: any relevant ICD-10 
codes (9), presence of a relevant radiology report (US Doppler for DVT, CT pulmonary angiography 
(CTPA) for PE), first occurrence of a relevant ICD-10 code for a patient (to mitigate historical carry-over 
coding), a previously validated VTE free text ruleset positive for the relevant condition on a radiology 
report (10) and prescription of therapeutic anticoagulation. Signals were first evaluated individually. 
Performance was evaluated using precision, sensitivity and F1. 95% CIs were calculated using Wilson’s 
method. Selected combinations were then constructed primarily to increase precision and reduce false 
positives whilst retaining sufficient sensitivity to produce a usable training dataset. 

Negative labels were generated using a complementary strategy. Admissions without a relevant ICD-
10 code but with a relevant radiology report containing negation patterns (e.g. “no pulmonary embolism” 
in CTPA reports; “no DVT” in US Doppler reports) were labelled as No VTE. Performance was evaluated 
against the reference dataset with 95% CIs. 
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Results 

Figure 1 summarises the performance of individual and combined EHR signals for identifying positive 
VTE cases. Therapeutic anticoagulation exhibited the highest precision out of all individual signals 
(0.778) but the lowest sensitivity (0.420). The presence of a relevant radiology report alone 
demonstrated limited discriminatory value with low precision (0.486) and high sensitivity (0.850). 
Refining this rule with the rulesets applied to radiology reports improved precision modestly to 0.505 
(+0.019) with moderate sensitivity (0.785). The presence of any relevant ICD-10 code produced high 
sensitivity (0.980) but low precision (0.573). Refining this rule to first-occurrence ICD-10 codes improved 
precision to 0.683 (+0.110) whilst maintaining relatively high sensitivity (0.895). The optimal balance 
between sensitivity and precision was achieved by combining the first occurrence of a VTE ICD-10 code 

for the patient with a VTE ruleset positive radiology report. This resulted in a precision of 0.882 and a 

sensitivity of 0.710 with an F1 score of 0.788.  

The results for the negative labelling approach (target label, ‘No VTE’) showed a high precision of 0.983 
(95% CI: 0.94-1.00), low sensitivity of 0.408 (0.35-0.47) and low overall F1 score of 0.576 (0.53-0.62). 

  

Figure 1. Performance of individual and combined rules for positive VTE labelling 

Conclusion 

Individual EHR-derived signals are insufficient for reliable weak supervision of VTE in isolation. ICD-10 
codes alone demonstrate high sensitivity but inadequate precision, leading to substantial noise which 
presents a challenge for model development and validation. Requiring multiple EHR signals to positively 
label admissions for VTE presence allows for substantially improved precision whilst retaining 
acceptable sensitivity. This approach resulted in a high precision of 0.882 and a sensitivity of 0.710. 
The approach for negatively labelling radiology achieved a very high precision of 0.983 and a sensitivity 
of 0.408. Sensitivity was expected to be low due to the requirement of a relevant radiology procedure 
but owing to the predominance of No-VTE admissions, this approach produces a sufficient negatively 
labelled subset. Datasets constructed using this approach can enable the development of models for 
VTE risk prediction and automated case identification. Consequently, these models can support clinical 
decision-making by guiding preventive treatment to reduce avoidable in-hospital deaths. They can also 
facilitate service evaluations that inform policy and practice, such as refining the VTE risk assessment 
process for inpatients. Although demonstrated using VTE, this framework could be applied to other 
conditions with available ICD-10 codes and domain-specific document types, including imaging-based 
diagnoses (e.g. stroke), biomarker-defined acute events (e.g. myocardial infarction), or narrative-based 
psychiatric conditions (e.g. major depressive disorder). 
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Study context 

This study was undertaken using EHR data from Imperial College Healthcare NHS Trust (ICHT), a large 
network of five hospitals providing acute and specialist care in North-West London, serving over 1.3 
million patients annually. This data and research were enabled by the iCARE Digital Collaboration 
Space & Secure Data Environment (SDE) and used the iCARE team and data resources. The work was 
funded by the National Institute for Health Research (NIHR) Imperial Biomedical Research 
Centre (NIHR203323) with infrastructure support from the NIHR North-West London Patient Safety 
Research Collaboration (NIHR NWL PSRC, Ref. NIHR204292). This project has been reviewed and 
approved by the ICHT Data Protection Office and Caldicott Guardian. The views expressed are those 
of the authors and not necessarily those of the NHS, the NIHR, or the Department of Health and Social 
Care. 
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1 Introduction

Richly annotated electronic health record (EHR) data are essential for training and evaluating

clinical natural language processing (NLP) systems, clinical decision support tools, and popula-

tion health models [1, 2, 3, 4]. Access to such data is limited by privacy legislation, institutional

governance requirements, and the substantial manual effort required for de-identification and an-

notation [5, 6]. Transforming freely available clinical narrative literature, such as case reports

from PubMed Central (PMC)[7], into structured EHR representations provides an alternative ap-

proach. It enables the development of diverse and credible patient datasets at scale without the

regulatory constraints associated with real data access [8, 9].

Recent advances in large language models (LLMs), such as GPT-5, have significantly im-

proved the extraction of structured clinical information from unstructured text [10, 11, 12]. De-

spite these advancements, systematic comparative evaluations of these models for reconstructing

complete EHR tables from discharge-style narratives are limited.

To address this gap, this study introduces PAIR-EHR as an automated two-stage pipeline

that transforms PMC patient case reports into MIMIC-IV style EHR tables. The pipeline is

evaluated across six LLMs on extraction breadth and semantic fidelity, using manual annotations

as a reference standard.

2 Methods

2.1 Dataset and Annotation

Thirty PMC patient case reports were converted into discharge-style narrative summaries through

a rule-based transformation, structured to mirror the format of MIMIC-IV discharge notes [5,

8] and covering presenting complaint, past medical history, medications, investigations, and

discharge plan. The target output schema comprised seven MIMIC-IV hosp-module tables:

patients, admissions, diagnoses_icd, d_icd_diagnoses, prescriptions,

labevents, and d_labitems. Thirty notes were all selected for manual annotation of diag-

noses, medications, and laboratory results by a clinical informatics expert.

1
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Structured extraction can be applied directly to raw PMC case report text; however, a pilot

study across 16 cases using two frontier LLMs (GPT-5.3 and Claude Sonnet 4.6) demonstrated

that an optional rule-based transformation of case reports into discharge-style narrative sum-

maries yields extraction volumes comparable to or marginally greater than those obtained from

raw case reports across all seven tables. This format also promotes consistency with the distribu-

tional properties of real clinical discharge notes. On this basis, discharge-style summaries were

adopted as input for the full-scale evaluation, which was expanded to 30 cases.

2.2 Models

Six LLMs were evaluated: GPT-5.3, Claude Sonnet 4.6, and DeepSeek-V3.2 as frontier general-

purpose models; and MediPhi-Instruct, medgemma-4b-it, and KnowMedPhi3.5 as domain-specific

biomedical models [10, 13, 14, 15, 16]. All models were evaluated in a zero-shot setting.

2.3 Prompting and Evaluation

The pipeline comprised two sequential prompting stages: structured clinical entity extraction

from discharge notes into a constrained JSON format, followed by ICD10 code assignment for

extracted diagnoses. JSON outputs were post-processed into relational CSVs conforming to the

MIMIC-IV column schemas.

Semantic fidelity for the 30 annotated notes was assessed using micro-aggregated precision,

recall, and F1 across three clinical domains: diagnoses, medications, and labs. A fuzzy matching

scheme was applied to account for surface-form variation in clinical terminology, such as spelling

variants and partial concept matches.

3 Results

Diagnoses Medications Labs

Model P R F1 P R F1 P R F1

DeepSeek-V3.2 47.1 74.4 57.7 86.9 86.2 86.6 44.2 51.7 47.7

Claude Sonnet 4.6 53.1 70.5 60.6 85.3 88.4 86.8 43.2 50.3 46.5

GPT-5.3 66.0 62.2 64.0 91.7 88.4 90.0 57.5 18.6 28.1

MediPhi-Instruct 62.5 19.2 29.4 75.6 44.9 56.4 66.3 19.1 29.7

medgemma-4b-it 52.2 22.4 31.4 73.1 76.8 74.9 46.8 36.0 40.7

KnowMedPhi-3.5 56.3 31.4 40.3 80.2 52.9 63.8 71.8 24.0 36.0

Table 1: Semantic Fidelity Results. Precision (P), Recall (R), and F1 (%).

All six models generated outputs that conformed to the schema across the seven MIMIC-IV

compatible tables. Frontier models extracted significantly more records from clinically substan-

tive tables, including diagnoses and laboratory events, whereas domain-specific models produced

considerably fewer entries. Semantic fidelity results (Table 1) indicate a consistent trend: fron-

tier models achieved higher recall and overall F1 scores for diagnoses and medications, while

domain-specific models demonstrated higher precision but markedly lower recall. Laboratory

extraction was the most challenging task for all models. These findings indicate that structured

output generation and instruction-following continue to be significant limitations for smaller

domain-specific models.
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4 Conclusion

PAIR-EHR presents a practical pipeline for generating MIMIC-IV–compatible EHR datasets de-

rived from clinical literature. This approach demonstrates reproducibility across model families

and establishes a benchmark for evaluating LLM-based clinical information extraction. Future

research will expand the annotated evaluation set and integrate standardized laboratory term nor-

malization.

5 Study context

Our study does not raise any ethical considerations as all the data used in the case study come

from publicly available PubMed Central, and no patient-identifiable information was processed.

Nonetheless, we acknowledge that the use of large language models for clinical information ex-

traction introduces ethical considerations that warrant discussion. LLMs are non-deterministic

and prone to confabulation. Such confabulations would constitute noise rather than signal in

downstream applications. This limitation reinforces the need for manual clinical review of gen-

erated outputs and should be carefully considered before any downstream use of PAIR-EHR–

generated datasets in clinical or research contexts. The authors kindly acknowledge funding

from a PAIR (Population AI Research programme) EPSRC grant (UKRI2701).
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1. Introduction 

Transformer-based architectures, notably BEHRT(1), have demonstrated that longitudinal 

Electronic Health Record sequences can be effectively modelled to capture complex patient 

trajectories. However, these baseline models inherently treat clinical codes as flat, statistically 

independent tokens. This approach discards critical domain knowledge embedded in standard 

medical terminologies. When standard models treat these medically adjacent codes as 

separate tokens, they fail to leverage this intrinsic relationship and lose valuable contextual 

information. While infusing external medical ontologies into deep learning models is known to 

improve representation learning(2) how to achieve this integration within a Transformer 

architecture remains an active area of exploration. Our objective is to investigate how this 

integration can be practically realized through different mechanisms. In this study, we explore 

three approaches for infusing medical ontologies into a BERT-based framework for disease 

prediction. We implementing and compare input-level tokenization, embedding-level 

formulation, and external graph attention infusion to see impacts of the predictive precision. 

2. Methodology 

The core task is multi-label next-visit disease prediction at immediate, 6-month and 12-month 

intervals. The baseline model is a standard BEHRT architecture utilizing flat embeddings. To 

construct the ontology-aware variants, we extract hierarchical relationships from a standard 

medical ontology, defining a mapping from specific leaf concepts to their ancestral parent 

codes. We evaluate the following three approaches: 

Approach 1: Ontology-Aware Tokenization (Input Level) 

The simplest intervention alters the sequential input prior to embedding.  

Approach 2: Hierarchical Embedding Formulation (Embedding Level) 

This approach maintains the standard input sequence but alters the fundamental lookup tables 

within the model. We introduce a hierarchical tensor based on a pre-processed mapping of 

clinical concepts to their direct parents (code2parent). The modified embedding formulation 

for a given input token is defined as: 

EFinal = ECode + EAge + ESegment + EPosition + EHierarcy 

Approach 3: Graph-Attention Knowledge Infusion (Attention Level) 

Adapting the Graph-based Attention Model (GRAM)(3) framework, we represent the medical 

ontology as a DAG. Leaf nodes represent specific clinical concepts ci observed in the EHR, 

while non-leaf nodes (ca, cc, cg) represent broader ancestral concepts. The final representation 

gi of a leaf concept is computed as a weighted sum of its basic embedding ei and the 

embeddings of its ancestors via an attention mechanism, where attention weights govern the 

contextual contribution of each hierarchical level. These refined representations form an 

embedding matrix G 

3. Experimental Setup & Evaluation Plan 

Models are trained and evaluated using longitudinal patient data derived from the UK Biobank 

cohort(4). We define three distinct multi-label prediction tasks: predicting the immediate next 

clinical code, predicting incident codes within a 6-month window, and predicting incident codes 

within a 12-month window. 

Predictive performance will be evaluated using both AUROC and the Average Precision Score 

(APS). While AUROC provides a macro-level view of discriminative ability, APS is ranking true 

positive incident conditions. 
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We plan to investigate the structural changes within the model's internal representations. By 

visualizing the learned embedding space aim to determine whether the infusion of hierarchical 

knowledge successfully clusters medically related, yet distinct, ICD-10 codes closer together 

compared to the isolated representations of the flat baseline. 

Experiments are currently running. Comprehensive results will be provided in the final 

presentation. 

4. Conclusion 

Initial framework developments demonstrate that naive implementations of BERT on EHR 

data struggle with sparse, imbalanced clinical outcomes. By isolating the injection of 

ontological knowledge to three distinct architectural levels, this study will provide a 

comparative analysis of how structural medical knowledge influences the internal 

representations and downstream predictive precision of Transformer models. 

 

Study Context 

 

Ethics and Approvals: This study uses UK Biobank data. Requests to access these datasets 

should be directed to https://www.ukbiobank.ac.uk.  

Funding: The author(s) declared that financial support was received for this work and/or its 

publication. Yusuf Yildiz was funded by the Republic of Türkiye Ministry of National Education. 

Meghna Jani is funded by a National Institute for Health and Care Research (NIHR) Advanced 

Fellowship [NIHR301413]. The views expressed in this publication are those of the authors 

and not necessarily those of the NIHR, NHS or the UK Department of Health and Social Care. 

Data Availability: Due to patient privacy regulations, the raw EHR data cannot be made 

publicly available. Code repositories and synthetic sample data for the modified BEHRT and 

graph-attention mechanisms will be made available upon publication. 

Conflicts of Interest: The authors declare no conflicts of interest. 
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1 Introduction

Surveillance for many premalignant conditions is guideline-driven, which has encouraged NLP

clinical decision support systems (CDSS) to embed guidelines as the primary decision logic,

improving their transparency and auditability [1]. However, such systems often assume that real-

world care is primarily guideline-executing and that guideline-relevant evidence is consistently

documented in the clinical narrative. In practice, adherence to guidelines is frequently impacted

by external factors and documentation practices evolve over time [2, 3, 4]. It is important to

understand how these factors impact CDSS.

First, follow-up timing can be driven by competing indications and alternative pathways

or by procedural and patient-specific factors that are not listed in guidelines [5]. Second, na-

tional guidelines evolve over time, potentially impacting the robustness of CDSS. In Barrett’s

oesophagus (BO), the 2014 British Society of Gastroenterology (BSG) update promoted more

standardised minimum dataset reporting, including segment length using Prague criteria [6, 7].

Such documentation drift can induce a temporal dataset shift that may affect NLP extraction

robustness.

The primary aim of this study is to classify the reasons for discrepancies between current

clinical practice and guideline-grounded CDSS. The secondary aim is to characterise documen-

tation drift between guideline updates. Finally, we test how drift affects CDSS performance.

2 Methods and Data

We conducted three complementary experiments using retrospective evaluations of endoscopy

reports for patients with two premalignant conditions that undergo guideline-based [6, 8] endo-
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scopic surveillance, Barrett’s Oesophagus (BO) and Colorectal Polyps (CP). In both domains,

the CDSS combines NLP extraction from endoscopy free text with deterministic guideline logic

to compute a recommended surveillance interval and follow-up date. We compare CDSS outputs

with observed booked follow-up dates from routine care.

(1) Clinical deviation analysis

We performed a secondary mixed-methods review of discrepant cases between AI pipelines and

observed care. A discrepancy was defined as an absolute difference of ≥ 6 months between

the CDSS-recommended follow-up date (index date + recommended interval) and the booked

follow-up date. For the BO cohort, a subset (N = 106) of discrepancies from the original CDSS

retrospective analysis was randomly sampled. For the CP cohort all the discrepancies from the

retrospective study (N = 41, two exclusions) were included. The discrepancies were classified

as potentially unintentional, intentional or alternative pathway management according to the fol-

lowing definitions:

• Unintentional: No documented rationale, which can reflect booking/administrative issues,

documentation gaps or clinical error.

• Intentional: Clinically justified divergence with the rationale documented in the endoscopy

report or the booking

• Alternative pathway management: follow-up primarily driven by a different pathway or

additional clinical findings.

The cases were reviewed by a single expert with additional clinician adjudication for ambiguous

cases.

(2) Documentation drift

We compared BO endoscopy reports from pre-2014 (2012–2013) versus post-2014 (2015–2016)

(balanced n = 751 per dataset). Drift was characterised using descriptive statistics (length,

tokens), key-field presence (Prague criteria), TF–IDF classifier-based two-sample test (C2ST)

[9, 10] with repeated 5-fold cross-validation and embedding-based drift analysis [11]. We ad-

ditionally re-ran the drift tests with confounder masking: we removed Prague score tokens and

restricted the analysis to endoscopists appearing in both time periods to check whether separa-

bility persisted.

(3) Impact on real-world CDSS

To isolate the impact of documentation drift on downstream performance, we evaluated one

component of a post-2014-trained CDSS on 200 randomly sampled pre-2014 BO reports using

the same post-2014 definitions. The model is tasked to classify Barrett’s length used downstream

for guideline logic: {No, Short, Long, Insufficient}. We report per-class precision/recall/F1

(baseline post-2014 results from the EndominerAI BO study [12]).

3 Results

Deviation analysis

Table 1 summarises the results of the discrepancy analysis. Across both domains, the most
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frequent discrepancy category was alternative pathway, indicating cases where guideline surveil-

lance is not the actual decision policy.

Table 1: Deviation taxonomy among analysed discrepant cases (counts and % within clinical

domain).

Domain nanalysed Unintentional Intentional Alternative pathway

BO 106 39 (36.8) 22 (20.8) 45 (42.5)

CP 41 12 (29.3) 12 (29.3) 17 (41.5)

Alternative pathways discrepancies reflected heterogeneous real-world drivers (symptom-led

reassessment, cancer pathways, other clinical conditions management). Intentional deviations

showed recurring clinical patterns such as failed/incomplete procedures or heightened risk con-

text.

Documentation drift. Post-2014 reports were longer and Prague criteria mentions increased

from 39.0% to 60.7%, consistent with the 2014 BSG emphasis on standardised BO length re-

porting [6, 7]. The TF–IDF C2ST strongly discriminated pre- vs post-2014 reports (Accuracy =

0.78 ± 0.02, ROC AUC 0.87±0.02, mean across repeated 5-fold CV) and separability persisted

after Prague masking (Accuracy = 0.78 ± 0.02, ROC AUC 0.88±0.02) and within endoscopist-

overlap subsets (Accuracy = 0.74 ± 0.04, ROC AUC 0.84±0.03), suggesting broader lexical

changes.

Impact on real-world CDSS Table 2 summarises the post-2014 CDSS performance on pre-

2014 endoscopy reports. Despite measurable documentation drift evidenced by the previous

analysis, the CDSS performance was largely preserved, with modest recall degradation for some

classes (Long: 1.00→0.93; No Barrett’s: 0.94→0.89), indicating robustness to documentation

shift while still highlighting the need to monitor model performance over time.

4 Conclusion

Real world clinical decisions rely on a number of factors that cannot always be captured in

guidelines and guideline-based CDSS. This underscores the importance of partnering CDSS with

clinicians both at the development and output stage as well as incorporating broader data sources.

Our study also suggests CDSS monitoring should be event-driven around guideline updates,

combining drift detection with targeted re-evaluation of downstream performance.

5 Study context

All the experiments in the study were performed under ethics approval of the GERRI board at

Guy’s and St Thomas’ NHS Foundation Trust. Data cannot be shared publicly due to patient

confidentiality and governance restrictions. Code is available upon request. The authors declare

no competing interests.
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Table 2: Temporal robustness of a CDSS.

Post-2014 performance is taken from [12] (GSTT external test set; N = 100). Pre-2014 perfor-

mance is from this study (N = 200), annotated under the same variable definitions.

Post-2014 (baseline) Pre-2014 (this study)

Category Precision Recall F1 Precision Recall F1

No Barrett’s 0.96 0.94 0.95 0.96 0.89 0.93

Short 1.00 0.96 0.98 0.95 0.99 0.97

Long 1.00 1.00 1.00 1.00 0.93 0.96

Insufficient 0.73 0.85 0.79 0.83 0.94 0.88

References

[1] Sutton RT, Pincock D, Baumgart DC, Sadowski DC, Fedorak RN, Kroeker KI. An overview

of clinical decision support systems: benefits, risks, and strategies for success. npj Digital

Medicine. 2020;3:17.

[2] Roumans CAM, et al. Adherence to recommendations of Barrett’s esophagus surveillance

guidelines: a systematic review and meta-analysis. Endoscopy. 2020;52(1).

[3] Butler DM, et al. Adherence to Post-polypectomy Surveillance Guidelines at a Large Dis-

trict General Hospital. Cureus. 2023;15(2):e35516.

[4] Holmberg D, et al. Adherence to clinical guidelines for Barrett’s esophagus. Scandinavian

Journal of Gastroenterology. 2019.

[5] Agency for Healthcare Research and Quality. Taxonomy of Override Reasons for Patient-

Centered Clinical Decision Support (PC CDS) Recommendations; 2024. NCBI Bookshelf

report.

[6] Fitzgerald RC, di Pietro M, Ragunath K, et al. British Society of Gastroenterology guide-

lines on the diagnosis and management of Barrett’s oesophagus. Gut. 2014;63(1):7-42.

[7] Sharma P, Dent J, Armstrong D, et al. The development and validation of an endoscopic

grading system for Barrett’s esophagus: the Prague C & M criteria. Gastroenterology.

2006;131(5):1392-9.

[8] Rutter MD, East J, Rees CJ, et al. British Society of Gastroenterology/Association of Colo-

proctology of Great Britain and Ireland/Public Health England post-polypectomy and post-

colorectal cancer resection surveillance guidelines. Gut. 2020;69(2):201-23.

[9] Lopez-Paz D, Oquab M. Revisiting Classifier Two-Sample Tests. arXiv. 2016.

[10] Koch LM, Baumgartner CF, Berens P. Distribution shift detection for the postmar-

ket surveillance of medical AI algorithms: a retrospective simulation study. npj Dig-

ital Medicine. 2024 May;7(1). Available from: http://dx.doi.org/10.1038/

s41746-024-01085-w.

4

— 165 —

http://dx.doi.org/10.1038/s41746-024-01085-w
http://dx.doi.org/10.1038/s41746-024-01085-w


[11] Alsentzer E, Murphy JR, Boag W, Weng WH, Jin D, Naumann T, et al. Publicly Avail-

able Clinical BERT Embeddings. In: Proceedings of the 2nd Clinical Natural Language

Processing Workshop. Association for Computational Linguistics; 2019. .

[12] Zecevic A, Jackson L, Zhang X, Pavlidis P, Dunn J, Trudgill N, et al. Automated deci-

sion making in Barrett’s oesophagus: development and deployment of a natural language

processing tool. npj Digital Medicine. 2024;7(1):312.

5

— 166 —



A Comparison Study of Three Pipelines for Barrett’s Oesophagus

Surveillance Prediction

Xinyue Zhang1, Agathe Zecevic2, Sebastian Zeki2, and Angus Roberts1

1King’s College London, London, United Kingdom
2Guy’s and St Thomas’ NHS Foundation Trust, London, United Kingdom

1 Introduction
In Barrett’s oesophagus (BO) surveillance, endoscopy and pathology reports contain key information

required to determine surveillance intervals according to British Society of Gastroenterology (BSG)

guidelines[1]. Recent work has explored two main paradigms for automated surveillance prediction from

clinical reports: 1) Structured extraction pipelines, which extract entities and relations and then apply

rule-based decision logic; 2) Report classification models, which directly assign report labels without

explicit intermediate structure[2].

In this work we compare three approaches on performance, explainability, annotation requirements,

and computational efficiency: 1) Extraction-based pipeline using eREBEL[3]; 2) LLM-based structured

extraction[3, 4]; 3) Report-classification models (EndoBERT and PathBERT)[2]

2 Methods and Data

2.1 Datasets and Task

Models were evaluated on two UK hospital datasets: GSTT1 and KCH2. These datasets contain annotated

endoscopy and pathology reports with report-level labels and surveillance outcomes. The task is to

classify reports into clinically relevant categories such as[3, 2]: 1) Endoscopy: Long, Short, NoBarretts,

Insufficient; 2) Pathology: DysplasiaOrCancer, IM, No_IM, Insufficient. These report labels are then can

be mapped deterministically to surveillance intervals using a rule-based algorithm derived from BSG

guidelines.

2.2 Model Paradigms

Figure 1 illustrates the three paradigms considered.

Extraction-based pipeline produces extractions such as: Prague scores, Barrett’s length, intestinal

metaplasia. These structured outputs provide interpretable evidence for clinical decisions.

• eREBEL-based[3] models perform joint entity and relation extraction from reports and feeds the

extracted structured information into a rule-based algorithm for surveillance decision prediction.

• LLM-based[3, 4], such as Phi-4 (14B) can also produce structured outputs from clinical narratives

through prompting, producing JSON-like outputs of the same clinical entities used by rule-based

algorithms.

Report classification models[2], such as EndoBERT and PathBERT, directly assign report-level labels

without extracting intermediate entities. These models rely on contextual representation learning within

the transformer encoder to capture clinically relevant signals.

1https://www.guysandstthomas.nhs.uk/
2https://www.kch.nhs.uk/
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Figure 1: Three modelling paradigms for Barrett’s surveillance prediction.

3 Results

Dataset / Task Metric Phi-4 (14B) Qwen-2.5 (14B) DeepSeek Qwen-2.5 (14B) eREBEL (0.4B) Endo/PathBERT (0.1B)

Pathology (GSTT)
Weighted avg 0.97 (0.93, 0.99) 0.96 (0.93, 0.99) 0.92 (0.87, 0.96) 0.71 (0.64, 0.78) 0.92

Inference Time 28.82 30.81 70.47 2.03 0.03

Endoscopy (GSTT)
Weighted avg 0.92 (0.87, 0.97) 0.94 (0.89, 0.97) 0.95 (0.91, 0.99) 0.83 (0.77, 0.89) 0.95

Inference Time 28.82 30.81 70.47 2.03 0.03

Pathology (KCH)
Weighted avg 0.92 (0.87, 0.95) 0.89 (0.83, 0.93) 0.90 (0.85, 0.95) 0.80 (0.74, 0.87) 0.88

Inference Time 27.64 28.26 66.23 2.07 0.03

Endoscopy (KCH)
Weighted avg 0.82 (0.76, 0.87) 0.84 (0.78, 0.89) 0.87 (0.82, 0.92) 0.75 (0.68, 0.82) 0.87

Inference Time 27.64 28.26 66.23 2.07 0.03

Table 1: Comparison of weighted-average F1 scores and inference time

Table 1 compares endoscopy and pathology classification performance between the general-purpose

LLMs and two fine-tuned domain-specific models. Overall, Phi-4 and Endo/PathBERT show consistently

strong performance across tasks, whereas the extraction models (Phi-4 and eREBEL extraction) achieves

produce structured and interpretable outputs.

However, LLMs incur substantially higher inference time and computational cost than eREBEL and

BERT-based models. In contrast, fine-tuned models require additional annotation and retraining when

adapting to new tasks or datasets, whereas LLM-based systems can often be adapted through prompt

modifications alone. Extraction-based approaches also provide reusable structured outputs that can support

downstream queries and related tasks. Table 2 summarises these trade-offs across key criteria.

Model Endo/PathoBERT eREBEL LLM

Performance ⋆⋆⋆ ⋆ ⋆⋆⋆

Explainability ⋆ ⋆⋆⋆ ⋆⋆⋆

Deployment ⋆⋆⋆ ⋆⋆ ⋆

Space Efficiency ⋆⋆⋆ ⋆⋆ ⋆

Development ⋆ ⋆ ⋆⋆⋆

Reusability ⋆ ⋆⋆ ⋆⋆⋆

Table 2: Comparison of three pipelines across evaluation criteria.

4 Conclusion
We compared three clinical NLP paradigms for predicting BST-related report labels from endoscopy

and pathology reports. Our results show that LLMs and specialised BERT classifiers achieve similarly

strong report-level performance, while extraction-based models provide more interpretable structured

outputs. These approaches involve different trade-offs between predictive performance, explainability,

computational cost, and ease of adaptation. Such trade-offs are important when selecting models for

clinical decision support systems operating under practical deployment constraints.
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5 Study context
This study was approved by the institutional review board (IRAS ID: 257283). It is funded by the King’s

Centre for Doctoral Training in Data-Driven Health, supported by EPSRC funding. High-performance

computing resources are provided by King’s CREATE Trusted Research Environment. Data is accessible

to passported researchers upon request. Project code will be made publicly available. This work was

conducted in collaboration with Guy’s and St Thomas’ NHS Foundation Trust (GSTT) and King’s College

Hospital (KCH).
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