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Dr Lel Clifton: Official Fellow in Al & ML, Reuben College

Lel has 20+ years of experience at the intersection of medical statistics and Al. As Programme Director of
the MSc In Applied Digital Health, she specialises in foundation models and large language models for
healthcare, bringing expertise from engineering, machine learning, and medical statistics.

Dr Brad Segal: MBBCh, MSc in Engineering, DPhil candidate

Bradley Is a Rhodes Scholar, clinician, and DPhil candidate from the Computational Health Informatics (CHI)
Lab In the Engineering Department. He specialises in Al applications in healthcare, from deep learning Iin
medical imaging to large -scale patient analytics platforms. His clinical experience and healthcare
technology ventures provide practical insights into implementing Al tools in real -world medical settings.

Gavin Hubbard: ceneric-nerd

Gavin brings a unigue perspective combining medical biochemistry background, 8+ years in drug
development, and extensive science writing experience. He supports researchers-in . communicating their
work to diverse audiences and has been exploring Al tools for research communication for several years,
training NIHR communications professionals.in LLM use since early 2023



NUFFIELD DEPARTMENT OF

<1 PRIMARY CARE
oxrorD | HEALTH SCIENCES

ome quick caveats

— - - ‘\\ ‘\‘
- - \
——— — . .
E— T — ~— \\\
— — - N
————— \‘__\ -\\‘ . \\ .
- — - T ——— . ~ ., .
— — . ~ -\ \ X
- = W - X . :
> ™ o \ N
\ . ’ \ N\
- B )
~ -
. -
N . )
“~
A - .
. _\
N, N -
2N >
Ry .
- -
‘..\
N
\'1 -



NUFFIELD DEPARTMENT OF

&l PRIMARY CARE 5 principles to guide every Al decision

IIIIIIIIIIII

DGO HEALTH SCIENCES

1. You own the output 2 You're accountable for accuracy and
Integrity. Would you put your name to this?

2. Be transparent 2 Disclose substantive Al use In research
outputs.

3. Protect data ruthlessly 2 Match your tool to your data
classification (I.e. only use university approved tools for
confidential information. Only use other tools with public

iInformation)
4. Maintain academic integrity 2 Al cannot be an author or make

original contributions
5. Enable Innovation responsibly 2 Consider societal impact,
equity, and sustaiability
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Critical restriction: Personal data and Al

current status:

No Al processing of personal data with any commercial Al, even
university approved ones (ChatGPT Edu, Copilot, Gemini etc).

And absolutely not with non-university approved /public tools!

Personal data = any identifiable information:
A Names, emails, meeting attendees
A Student work, interview transcripts
A "The new research fellow in hypertension"
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Prompt smarter, not harder:
getting reliable Al help each day
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| N ARY CART Understanding what LLMs actually are
LLMs exist In a kind of penumbra 2 a not quite light/ not quite shadow
zone between traditional tools and human communication.

Traditional tools have clear boundaries:

A Stethoscope Y extends your hearing

A Microscope Y extends your sight

A Stats software Y extends calculation

LLMs are different:
A They operate in the realm of language and meaning-making & territory

that's always been uniquely human

A They possess "semantic competence without experiential grounding"

A They can discuss patient anxiety, draft care plans, synthesise research
without ever experiencing wetrry, providing comfort, or being ili
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Y Qmb vt | ¢ mf-soungingstateneentutiatale simhply wrong
Y!' Nbuil f n b uj-n borenbrg tratcanfpached away

When they bite researchers

Y! O] d I -dlata @opias fmost of our work!)

Y!' Sfrvftut!gps!fybdu!gbdut-!Tebuft-!djub
Y! Mpoh! di but! xi fsf!fbsmz!dpoufyu!lesjgut

Stay safe

1. Ustf bu! fwfsz! TgbduU! bt! vowfs)gj] f e

2. Ask for brainstorms, structure, re-writeszop u! ebub!? zpv! dbot u!
3. Cross-check anything that matters

Good news

Even with fibs, LLMs are-stillFworld=class at ideation; outlining, polishing prose, and
teaching you the shape of afield. Verify the-edges; exploit the speed.
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Why most Al interactions disappoint
#DI buHQU-T 1T fmg!'nfl!lxjulr!nz!mjufsbuyv:
Result: Generic, unhelpful response

Problem: LLMs need structured input for quality output
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For quick daily tasks use this 3 -part minimum

[Role] Y [Context] Y [Task]

Good:

"Act as an experienced academic editor. I'm revising a
paper about diabetes for publication in The BMJ. Please
feedback on and improve this paragraph's clarity and

sfbebc| mjuz/ U

Bad:
ITNblfttXxpset! npst !t hppe! gmt U
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Why this type of prompting works with LLMS

Al nside the model are hundreds of |

A Eachoneisamincspot!l i ght that asks: nAGiv
looking at, which other words in your prompt are suddenly
| mportant ?0

AWhen you write AAct as a systemat
learned stats, PRISMA, or effect sizes light up. The ones that
know Pokéemon fan-fic stay dark.

A Better prompt = brighter, betterrc hosen spotlights Y
lands on the frequency you actually wanted.

A lIt's like tuning a radio to the=right frequency Y : {
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Context windows matter

A Context window = LLM working memory (more than human 7°2
| t ems &)

A ChatGPT / CoPilot: ~32,000-128,000 words

A Claude: ~150,000-200,000 words

A Gemini: up to 6-800,000

A Typical research paper: ~ 6,000-8,000 words

A LLMs generally give their best performance in the first 25-50% of their
context limits

A Beyond this limit: performance tends to degrade

ASo: donédét try to dump an entire |
expect it work
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ARole: Who should respond (systematic reviewer, clinician,
data analyst)

AContext : Your situation and background

A Style : Writing approach (academic, clinical, business)

ATone: Attitude (professional, accessible, technical)

AAudience : Who will read this (peers, patients,
policymakers)

AResponse : Specific format needed (table, report, bullet
points)
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A Role: Act as an expert science communicator who specialises in translating research for patient
and public involvement participants

Context: We've just published a study on antrdrug antibody responses to a therapeutic antibody
(attached) and need to share findings with the PPI contributors who helped design the research
Objective: Create a plain language summary that explains what we found and why it matters to
patients and the public

Style: Clear and accessible but not patronising 2 respect the intelligence of non-specialist readers
Tone: Warm, appreciative, and engaging- these people contributed to this work

Audience: PPI contributors and patients with lived experience but no medical/research background
Response: Keep to 500 words maximum. Use "we" language to emphasise collaboration. Structure
as:
(1) Reminder of what we studied and why, Simple prompt response This prompt
(2) Key findings in everyday language, = 3
(3) What this means for patients like them,
(4) Next steps

Do To Po To  To I
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A Role: Act as an expert learning scientist and methodologist who specialises in helping
researchers master new concepts quickly and durably

A Context: | need to understand machine learning approaches for clinical prediction models
because I'm collaborating on a project using these methods, but my background is In
gualitative research
A Objective: Give me an 80/20 starter pack 2 the 20 % of ML concepts that deliver 80 % of what
a non-quantitative collaborator needs to know
A Style: Educational and supportive, like an experienced mentor
A Tone: Patient but intellectually rigorous 2 don't oversimplify but make it accessible
A Audience: An intelligent researcher with limited quantitative background who needs practical
understanding |
A Response: This prompt

2 * | T C 8 2-sriitendd nalogy linking qualitative coding to ML pattern -finding.
3* I TQbsfup! Qbdl Ul uit f! 31&!"'J!1M'offelup!l opx! utf
primary-care example throughout (e.qg., predicting missed diabetes appointments). P
4 * 1 T-R\ jddjtisde quick questions (no maths) that make me state each essential in my & rl_;F a L3 :"_‘_
own words. ﬁi : 'EJ.:E g =

5> 1 T-Od fy aqi! M8 lestahires @ptional-deeper dives (videos, papers, toy dataset) with-tim: E‘ ke s T
tags (5. min, 15 min, 45 min)-so-l-can-levetup only if-needed. ST
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UNIVERSITY OF

OXFORD |_| E A |_T|—| SC‘ E N CES Save time finding scientific papers

and evidence with Elicit

Al -Assisted Search

A Deep Research
O G e m i n i Q. Search studies and clinical trials
C h atG PT ‘L List every ligand that has ever been developed f

O or the enzyme HMG-Co0A reductase
| generate_.queries I
O C I au d e / @ Found 72 papers Showing the top 8 sorted by relevance and citation count Corpus: Semantic Schoiar (130,000,000+ papers
p y Paper Ligand IUPAC +15 more columns
8 E |C it web_search
L\ d Ol A rationally designed orally efficacious 3-hydroxy-3-methylglutaryl Lovastatin 3R.55,E)-7-{4-(4-fluoropheny!
8 CO n Se n S u S More researc neeae coenzyme-a reductase inhibitor with reduced myotoxicity potential. B-isopropyl-2-{methyi(]
>, Madsen, | »lk c. Jd VILZ, CINSting S, iuang, ang £/ = nethyi-1l | 2. 4-1riazc 5
Search Results in
] i | |
Re{:lec‘tion Extended worldwide experience. HMG-CoA reductase inhibitors: Lovastatin E) -7- [4- (4- fluor
lovastatin and simvastatin. Simvastatin B-isopropyl-2- [methyi
\ J 1
arls), 1992 ) N J R

Abstract only PDF found on stanford edu - Download

Context is sufficient

v

HMG-CoA-reductase inhibitors: a new principle in the treatment of Lovastatin 7-({3,5-disubstituted [1,1
hypercholesterolemia Simvastatin bephenyl]-2-y
H. Saxenhofer, P. Weidman Pravastatin fihydroxy-6-heptenoic acid
Answer Generation o )
) W I 1(
n.odi
Hypercholesterolemia: therapeutic approach. Pravastatin 6-(Fluorer il
” 4
ACM-SIGPLAN Symposium on Progrs ' L yaqe Dasian : Y-y fihydroxyhex i
{ act 1)
Aﬂswer Abstract only  PDF found on jstor.org - Download § »

Inhibitory action of natural compounds of microbial oriain on cholesterol Simvastatin 6-(Fluoren-9-vl)



Does retrieval-augmented generation reduce hallucinations in LLM outputs?
& Deep - 9 steps - 58 sources 3

Yes, retrieval-augmented generation (RAG) significantly reduces hallucinations in
large language model (LLM) outputs, but does not eliminate them entirely and its
effectiveness depends on retrieval quality, integration, and domain context.

1. Introduction

Large language models (LLMs) have revolutionized natural language processing but are prone to "hallucinations"—the
confident generation of factually incorrect or unsupported information. Retrieval-augmented generation (RAG) has
emerged as a leading strategy to mitigate this issue by grounding LLM outputs in external, authoritative knowledge

sources. Numerous studies demonstrate that RAG can substantially reduce hallucination rates across domains, including

healthcare, scientific research, and web applications, by providing up-to-date and contextually relevant information

1 4 11 13 14
retrieval failures, generation inconsistencies, or integration challenges, and the degree of reduction varies with retrieval
1 2 [J21 [J25 [)3e [)s5e.Recentresearch
also highlights the importance of advanced retrieval strategies, knowledge graph integration, and fine-tuning to further

19 23 28 +2 MORE . However, RAG is not a panacea: hallucinations can still arise from

quality, domain specificity, and model architecture [} 4 11

enhance RAG's effectiveness 9 24 29 32 35 36 41 43 . This review synthesizes the current evidence on RAG's
impact on hallucination mitigation, its limitations, and future research directions.

Consensus Meter N = 32

@ Yes 88% B A @ Possibly 3% 5 ® Mixed 3% 5 No 6% [OIgQ All details

1891 © 664 © 521 ©

Identified

v
|
v
|
v
|
v
|
v
|
v
|
v
|
v
|
v

Screened Eligible

Initial survey & search strategy

1 search - 58 new eligible papers

Foundational background

3 searches - 88 new eligible papers

Rephrase and synonyms

3 searches - 9@ new eligible papers

Contrast and limitations

4 searches - 87 new eligible papers

Expand to modalities and domains

3 searches - 42 new eligible papers

Related mitigation strategies

3 searches - 99 new eligible papers

Keyword diversity

3 searches - 48 new eligible papers

Explore citation graph

17 new eligible papers

Ranking papers

Ranking 521 papers by relevance to your initial query, considering
factors like influence, recency, strength of evidence, and overall

research quality.

R
b

Included
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P RI MA RY CAR E What are examples of digital therapeutics for diabetes management? What is the definitionofa 4"
H E A |_T H S C‘ E N C E S digital therapeutic? What evidence do they have for their efficacy? What makes them attractive in

diabetic management? What evidence do they have supporting them? Is the evidence clinical or
experiential? Does the type or severity of Diabetes matter? How do the tools compare to
reasonable alternatives?

UNIVERSITY OF

0),420)24D

Focus on academic evidence sources, critically appraise sources rather than blindly accepting the

ranchicinne Dradinire a reaomnirahancive rannart with claar asvidanra-hacad ritatinne and linlkana

Literature Search e

EX am p I © What are examples of digital therapeutics for diabetes management? What is the definitionofa -*
digital therapeutic? What evidence do they have for their efficacy? What makes them attractive in
diabetic management? What evidence do they have supporting them? Is the evidence clinical or

Prompt experiential? Does the type or severity of Diabetes matter? How do the tools compare to

Resea_rch Question, Related Querie reasonable alternatives?
Evidence Framework, Source

Selection
Focus on academic evidence sources, critically appraise sources rather than blindly accepting the

conclusions. Produce a comprehensive report with clear evidence-based citations and linkage.

Mode Seleg
Deep Research vs
Search

+ pulp € Deep Research X >



Digital Therapeutics for Diabetes Management

(5 Research Websites

(1) Establish a formal definition of 'digital therapeutics' (DTx) by consulting academic literature
and publications from regulatory bodies and industry alliances.

(2) Identify specific examples of digital therapeutics that have been developed and studied for
the management of Type 1 and Type 2 diabetes.

(3) Search academic databases for systematic reviews, meta-analyses, and randomized
controlled trials (RCTs) to gather evidence on the efficacy of these DTx. Focus on key clinical
endpoints such as HbAlc reduction, time-in-range, and patient-reported outcomes.

(4) Critically appraise the quality of the evidence found, distinguishing between robust clinical
trial data and experiential or observational findings. Note the limitations and potential biases of
the source studies.

(5) Investigate the theoretical and practical advantages that make DTx an attractive option for
diabetes management, such as scalability, personalization, and continuous data collection.

(6) Analyze the research to determine if the effectiveness of DTx varies depending on the type of
diabetes (Type 1vs. Type 2) or the severity of the patient's condition, looking for subgroup
analyses or studies on specific populations.

(7) Find comparative effectiveness studies that evaluate DTx against reasonable alternatives and
the standard of care in diabetes management, such as traditional patient education or non-digital
self-management tools.

(8) Synthesize all findings into a comprehensive report, ensuring that every claim about efficacy
and value is supported by a citation to the critically appraised evidence.

Analyze Results

€& Create Report

(O Ready in a few mins

Edit plan | Start research




&

Start research

OK, starting now. As soon as your report is ready, I'll let you know. In the

meantime, feel free to leave this chat.

g

Digital Therapeutics for Diabetes Management
Researching 28 websites...

€ Digital Therapeutics for Diabetes Management Show thinking Vv

4 Defining Digital Therapeutics
I'm starting my research by establishing a clear definition of 'digital therapeutics' (DTx). I'll be looking for definitions from authoritative sources like
regulatory bodies and industry organizations to create a strong foundation for the investigation.

Identifying Specific Examples
To ground the research in real-world applications, I'm simultaneously identifying specific examples of DTx used for diabetes management. I'll be looking
for prominent products in this space for both Type 1and Type 2 diabetes to provide concrete case studies for the later analysis of efficacy and evidence.

Next Research Actions

| am initiating the research with broad search queries to capture a wide array of definitions and examples. As | gather this initial information, | will refine
my search strategy to focus specifically on academic literature and peer-reviewed sources, which is crucial for the critical appraisal required in the final
report.

(> Researching websites

- pmc.n... Digital therapeut... beonbran... Digital Therap... E dtxalli... HelloBetter® Dia... 5 library... Digital Therapeu...

htdhe... Digital Therapeu... pubm... Impact of Digital ... % lindus.. The Rise of Digit... - tandfonli... www.tandfonl...
{# edps.e.. Digital Therapeu.. HA health.. Prescription Digi... . pmec.n... Digital therapeut... . pmc.n... Role of digital th...
E dtxalliance... dtxalliance.... ' access... diabetes digital t... manage... Digital Therape... E dtxalli... Understanding D...
. medid... Digital Therapeu... - tandfo... Full article: Digita... E dtxalli... Digital Therapeu... P jmcp.... Unlocking the po...
E dtxalli... DTA's Adoption &... E dtxalli.. Whatisa DTx?- .. & jmirorg Impact of Digital ... L japscj... Digital Therapeu...

-

scipub... Digital Therapeu... A diabet... Digital Therapeu... s fronti.. The effectivenes... i* pharm.. Digital Therapeu...



@ Digital Therapeutics for Diabetes Management Contents v Export v Create v X

Digital Therapeutics in Diabetes Management: A Comprehensive Review of the Evidence,
Efficacy, and Clinical Integration

Section 1: Defining Digital Therapeutics (DTx) in the Healthcare Ecosystem

The rapid digitization of healthcare has produced a broad and often confusing spectrum of technologies, ranging from consumer-grade wellness
applications to sophisticated, regulated medical interventions. Within this landscape, Digital Therapeutics (DTx) have emerged as a distinct and
rigorously defined category of medicine. Establishing a precise, multi-faceted definition of DTx is a foundational prerequisite for any critical
appraisal of their clinical and economic value. This section will synthesize formal definitions from key industry and standards organizations,
differentiate DTx from adjacent categories within the digital health ecosystem, and clarify their regulatory classification as a unique form of
medical device. This clarity is essential for understanding the evidence base, the value proposition, and the challenges associated with
integrating these novel therapies into the management of chronic conditions such as diabetes. ~

11 Formal Definition and Core Principles: A Synthesis of DTA, ISO, and Academic Perspectives

The consensus definition of Digital Therapeutics is anchored in the principle that software itself can be a therapeutic agent. The Digital
Therapeutics Alliance (DTA), a leading international trade association, defines DTx as products that "deliver evidence-based therapeutic
interventions to patients that are driven by software to prevent, manage, or treat a medical disorder or disease". This definition is echoed
throughout academic and regulatory literature, which describes DTx as software-generated therapeutic interventions whose "active ingredient is
represented by an algorithm®. They can be used independently or in concert with traditional medications, devices, or other therapies to optimize
patient outcomes. ~

Further codifying this concept, the International Organization for Standardization (ISO) has established a formal definition for DTx: "health
software intended to treat or alleviate a disease, disorder, condition, or injury by generating and delivering a medical intervention that has a
demonstrable positive therapeutic impact on a patient's health". The inclusion of "demonstrable positive therapeutic impact" is a critical element,
as it formally ties the definition to a requirement for clinical evidence, distinguishing DTx from technologies that merely track or display health
information. ~



[?) Digital Therapeutics for Diabetes: an Interactive Report & G C ( Code ‘ v~ Preview ) « Share

DTx for Diabetes Introduction Why DTx? Evidence Examples Considerations

What Are Digital Therapeutics?

Digital Therapeutics (DTx) deliver evidence-based therapeutic interventions to patients
driven by high-quality software programs to prevent, manage, or treat a medical disorder
or disease. They are distinct from general wellness apps and require robust clinical
evidence and regulatory oversight.

v 2

Evidence-Based Actionable Interventions Personalized Patient Tools
Rooted in clinical research, DTx DTx provide more than data; Utilizing patient-specific data,
must demonstrate safety and they deliver therapeutic DTx adapt to individual needs,
efficacy in randomized interventions, such as cognitive offering tailored support,
controlled trials (RCTs) and be behavioral therapy, personalized education, and guidance to
evaluated by regulatory bodies. feedback, and medication empower self-management.

dosing recommendations.
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Bridging the Generalisation Gap: Synthetic Data Generation for
Multi-Site Clinical Model Validation

Bradley Segal', Joshua Fieggen', David A. Clifton', and Lei Clifton+?

Abstract— Ensuring the generalisability of clinical machine
learning (ML) models across diverse healthcare settings remains
a significant challenge due to variability in patient demograph-
ics, disease prevalence, and institutional practices. Existing
model evaluation approaches often rely on real-world datasets,
which are limited in availability, embed confounding biases,
and lack the flexibility needed for systematic experimentation.
Furthermore, while generative models aim for statistical re-
alism, they often lack transparency and explicit control over
factors driving distributional shifts. In this work, we propose a
novel structured synthetic data framework designed for the
controlled benchmarking of model robustness, fairness, and
generalisability. Unlike approaches focused solely on mimicking
observed data, our framework provides explicit control over
the data generating process, including site-specific prevalence
variations, hierarchical subgroup effects, and structured fea-
ture interactions. This enables targeted investigation into how
models respond to specific distributional shifts and potential
biases. Through controlled experiments, we demonstrate the
framework’s ability to isolate the impact of site variations,
support fairness-aware audits, and reveal generalisation fail-
ures, particularly highlighting how model complexity interacts
with site-specific effects. This work contributes a reproducible,
interpretable, and configurable tool designed to advance the
reliable deployment of ML in clinical settings.

[. INTRODUCTION

Machine learning (ML) models for healthcare must gener-
alise across diverse clinical settings, yet real-world deploy-
ment often reveals substantial degradation in performance
due to shifts in patient demographics, disease prevalence,
and site-specific practice patterns [1], | . Such chal-
lenges, vividly illustrated by failures in transporting models

methods often lack explicit control over distributional factors
like site-specific prevalence or structured feature interactions
crucial for rigorously evaluating model generalisability and
fairness mitigation strategies [0]. There 1s a need for tools
that bridge this gap, offering control alongside plausible data
generation.

To address these challenges, we propose a structured
synthetic data framework designed to enable explicit control
over key factors influencing model generalisability, including
site-specific variations, hierarchical subgroup effects, and
feature interactions. Unlike generative approaches that pri-
oritise statistical realism often at the cost of transparency,
our method allows for targeted benchmarking of model
generalisability, fairness, and robustness in simulated clinical
settings. Our framework provides configurability over: multi-
site data generation with user-defined prevalence variations
(e.g., simulating differing disease burden across hospitals);
hierarchical subgroup effects based on demographic factors
(e.g., modelling age-sex specific risk profiles); complex fea-
ture interactions, including non-linear dependencies; tempo-
ral dependencies and structured missing data patterns; and
explicit modelling of feature-outcome relationships, provid-
ing a known ground truth for validation.

By enabling structured control over these elements, the
framework allows researchers to systematically study model
performance under specific, challenging conditions relevant
to real-world deployment. While this structured approach pri-
oritises interpretability and control over potentially replicat-
ing every unknown statistical nuance present in real data, this

® 1 i L] vy 3 -.. W x i il= \l'_ Y, 1

N
-4

sion Estimates

Logistic Regres

Fig. 1. Comparison of specified (true) and recovered (observed) feature
effect sizes (logits) from logistic regression models trained on generated
datasets of varying sizes (N=1k, 5k, 10k). Points represent individual
features; alignment along the diagonal indicates accurate effect recovery.

Relative Error by Effect Size for All Fealures
Sample Size
H n=1,000
[ 5,000
N ~=10,000

o
05 .8

Effect Size

Fig. 2. Relative recovery error of feature effect sizes as a function of
the true effect magnitude for different dataset sizes (N). Error diminishes
as both sample size and effect magnitude increase, indicating improved
reECOVery precision.
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Model Selection PDFs, DOCX, Audio
Default / Thinking / Pro
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Sets persona and provides direct
Instructions

ChatGPT 5 Thinking v

Segal et al 2025 Br

(3 PDF

Act as a set of three peer reviewers for a clinical bioinfg
Rewview the attached paper and produce a letter to the
providing fredback and constructive feedback on the [
reviewer should focus on a different view of the paper.

ricdging the Generalisation Gap: Synthetic Data Generatio

anuscript proposes a structured, configurable simulator
xphcit control over site effects, subgroup effects, INteractiy
—of-concept validation experiments (e.g., Tables I-I1l on p.
| aim——-stress-testing transportability and fairmess 1 heter

portanmnt. O Segal_et_al_2025_ Bndging_the_g...

ews, each centring a different lens.



NUFFIELD DEPARTMENT OF

PRIMARY CARE

UNIVERSITY OF

DGO HEALTH SCIENCES

Reviewer 1 — Methods, statistical validity, and experimental design

Summary assessment. The paper's core idea—prioritising control and interpretability over statistical mimicry
—1s well argued (pp. 1-3). The modular pipeline and formal risk model (Eq. 1, p. 3) are clear. Experiments
demonstrate coefficient recovery (Figs. 1-2, p. 4), site-prevalence control (Fig. 3, p. 5), and transport
degradation with increasing site-feature interactions (Fig. 4, p. 5). However, several design choices risk
conflating mechanisms of label generation, ascertainment, and deployment, and some validation analyses

need tightening.

Major comments

1. Prevalence via per-site thresholding risks label-definition confounding.
You “achieve site-specific prevalence targets ... by adjusting internal decision thresholds” (pp. 2-3). This
implicitly models ascertainment thresholds rather than disease process differences. If the risk function
encodes the pathophysiology and the site-level intercept/coefficients encode practice/environment,
then altering the classification threshold to hit a prevalence target changes the labeling rule, not the
disease rate. That can distort calibration and effect interpretability.
Actionable fix: Split latent outcome Y = from observed label Y . Let site-specific intercepts (and, if
needed, random effects) move the base rate of Y . Then optionally model P(Y =1 |Y =
1, site) to reflect diagnostic/operational thresholds (ascertainment). Report transport of both detection
and disease models.
2. Effect recovery needs model-specification parity.
Figs. 1-2 (p. 4) compare “true” vs “recovered” coefficients via logistic regression, but it isn't explicit
whether the fitted model included the same interaction and non-linear terms as the DGP. If the fitted
design matrix omits interactions/non-linearities, alignment can be misleading; if it includes them all,
over-parameterisation may inflate variance.
Actionable fix:
* Report recovery under three regimes: correctly specified model; deliberately mis-specified (main
effects only); and regularised recovery (e.g., \L:tic net) with model-selection. Include coefficient-

wise bias/variance and coverage of confidence intervals.

Reviewer 2 — Clinical relevance, fairness/ethics, and translational usefulness

Summary assessment. The manuscript is clinically motivated and positions the simulator as a pre-
deployment “wind tunnel.” That's valuable. To strengthen clinical credibility, tighten the mapping between

simulated mechanisms and real-world phenomena, and demonstrate fairness audits end-to-end.

Major comments

1. Map mechanisms to clinical interpretations.

Provide a table mapping configuration knobs to concrete clinical phenomena. Examples:

Site intercept shift — different disease burden or admission thresholds;

Site-feature interaction — biomarker assay lot differences or protocol variance;

Subgroup-feature interaction — age-specific effect modification;

Thresholded observed labels — diagnostic criteria differences.

This makes scenarios legible to clinical readers and eases selection of settings.

2. Decision-analytic framing.
To be actionable, show how site-specific shifts alter clinical utility.
Add: Net benefit curves (decision curves) per site; number-needed-to-evaluate/alert; confusion matrices
at policy-relevant thresholds (e.g., capacity-limited top-K triage).

3. Fairness audits should include concrete metrics and mitigations.
The simulator is pitched as “fairness-aware” (pp. 1-2, 6) but no fairness metrics are reported.
Add: Group-wise TPR/FPR, calibration-within-groups, PPV parity, and equalised odds violations across
age/sex strata. Evaluate at least two mitigation approaches (reweighting, group-aware calibration) and
show their external-site behaviour.

4. Label drift vs case-mix shift.
Distinguish: (i) true disease prevalence differences, (ii) coding/labeling drift, and (i) case-mix changes
(acuity, comorbidity).
Actionable fix: Include separate toggles for each, and an experiment where only coding drift changes
while disease process is stable—then show how calibration breaks even if AUROC holds.

5. Clinical realism for EHR workflows.
Consider adding: delayed availability of labs, order-to-result times, and documentation latency to test
early-warning versus later-decision models. Inclu~~ missing-not-yet-measured mechanisms (MNAR-

timing), which particularly affect triage and sepsis wasks.
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Prompt
Persona, Asks for Clarification on
the Model's understanding of the
current task and prepares for the
utility step

ChatGPT 5 Thinking v 5 1 et al 2025
egal_et_al_ L

- PDF

Act as the author of this paper and answer comprehe
wiill ask as well as clanfy any points that are unclear t

+FF

~uthor.” Here's a tight orientation so we can hit the grou

hy)

hetic data framework to stress-test clinical ML across he
2rfect statistical mimicry, we expose and control the me
revalence, subgroup effects, and feature INnteractions—-sc
robustness and fairmness. Methods and the main nsk mo
scaling to prevent higher-order terrms from swamping t

ddgimg_the g...
Nnd bolts)

2ling — outcome gen: We first sample coefficients to en
res, and finally hit site-level prevalence targets by adju

stochasticity to mimic diagnostic uncertainty (Section 11l

tercepts, feature coefficients, and Interactions can vary Lk
esting when needed (Section 111-B, p. 3). O Segal et_al_2025_B

al AR/transition dynamics for longitudinal features; curr

ion HI-AC1, p. 3). o &_""J""_;at_:aI_EﬂEE_E!:ﬁdging_the_g-..



Compare and contrast this approach to SimSurv in R or just using

SurvivalGAN?

Why would this be created when there is a robust synthetic data

source?

What each tool optimizes for

Dimension

Primary goal

Mechanism

control

Multi-site tuning

Transparency

Typical use

Our framework (this paper)

Controlled generalisation/fairess audits across

sites with known ground truth

Dial site prevalence, subgroup effects, and
feature/interaction structure; hold truth fixed while
you perturb one factor at a time

() Segal_et_al_2025 Bridging the g...

09 Segal_et_al 2025 Bridging the g...

Native: site intercepts, site—feature interactions, and

direct prevalence matching per site

09 Segal_et_al 2025 Bridging the g...

High—you set truth and shifts; effects are
recoverable and auditable

() Segal_et_al 2025_Bridging_the_g...

Wind-tunnel: quantify how prevalence shifts or site—
feature interactions erode external AUROC; compare

\

domain-adaptation choices
09 Segal_et_al 2025 Bridging the g...

(Y Seqal et al 2025 Bridging the q...

SimSurv (R)

Flexible survival time simulation under user-

specified hazards

Specify parametric/mixture or arbitrary hazard
functions; supports PH and time-varying effects,

clustering  Joumal of tatist.

Possible only indirectly (e.g., strata/frailty or site-
specific hazards), but not designed for prevalence-

matching across hospitals ~cran

High—explicit hazard you wrote

Methods development for survival models, joint

longitudinal-survival scenarios, power/sizing cran

T, Share

SurvivalGAN

Data-driven generation of time-to-event data that

mimics real sets (incl. censoring)

Learns distribution from data; adds censoring-aware
tricks and metrics; little explicit control of mechanism

beyond conditioning variables ~ arxiv

Not native; would require bespoke conditioning/training
per site; emphasis is realism, not targeted transport

stress-tests  GitHub

Lower—GAN:s are accurate but opaque; hard to isolate
which factor caused a shift

() Segal_et_al_2025 Bridging_the_g...

Privacy-preserving data release; benchmarking survival
learners trained on synthetic data; censoring-aware

metrics  aniv
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LLIVI feacC

1iNg 1001 - University of Uxiore

X, Document Upload

Quick Start: Try these demonstration examples

RCT
Digital Health Intervention for Diabetes Management

_lick to load » Ready for demonstration

Systematic Review

Antibiotic Prescribing Patterns in Primary Care

Click to load » }"L':dl.l_'/ for demonstration

b
|
\

Upload text file (.txt)

Review Type

Peer Review

sditional journal manuscriot r

Grant Review
N tunding proposal assessmen

Grammar & Style

01:30
22/09/2025
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LLM Academic Review Training Interface @ </> V12 e Latest (@) Copy v Published X

CD Academic Review Simulator 0 Teaching Guide 4 Reset

@ | would like to design an artefact for teaching primary care researchers at the
LLM Teaching Tool - University of Oxford

University of Oxford how LLMs can be useful for various academic workloads. | would
like to design an interface that simulates academic review. This should provide an easy
way to upload a document, then select the type of review desired. Peer review, grant
review, grammar, etc. This can then have different personas selected such as statistical
scrutinist, or angry reviewer #2. These should be clever but productive. The default X, Document Upload
should provide two random sets of review with a consensus feedback. This should be

visually attractive in a modern style with a clear and accessible UL.

Review this proposal, brainstorm the ideal solution, and present a proposal. Do not

create the artefact yet. This is to be used as part of a lecture on LLMs and will be used

as a demonstration for how to use the tool and the types of outputs that can be RCT

produced. Digital Health Inter

Click to load » Ready f

Analyzed LLM-powered academic review tool design strategy
Systematic Revig

. - . . . Antibiotic Prescribi
This is a compelling educational concept that could effectively demonstrate LLM ANHBIOHE Frescrb

capabilities for academic researchers. Let me analyze your proposal and suggest

Click to load » Ready f
refinements for optimal impact.

Analysis of Current Proposal
Strengths:

Addresses real academic pain points (peer review, grant writing, manuscript

preparation)
Interactive demonstration format will be more engaging than static examples

Persona-based approach adds educational value by showing how prompting affects

outputs

Focus on consensus feedback teaches collaborative review principles Review Type

Areas for Enhancement:
Peer Review

1. Document Processing Considerations NE raditional journal m C I au d e P eer R eVI ew

a Aand rahaiotr hanAdAlinoa AF anadamin farmate i"l' aTaV TATnrAd DNLE writh namnlaw

Reply to Claude...
Grant Review

°; (2 Research Sonnet 4 Research funding proposal assessment

—0-
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What fields can | use to find hypertensive patients in UKB

All

Including results for What fields can | use to find hypertensive patients in UK
Search only for What fields can | use to find hypertensive patients in UKB

4 Al Overview

To find hypertensive patients in UK Biobank (UKB), you can use fields related to self-
reported medical conditions, age of diagnosis, and blood pressure readings, which are
include those describing the presence of high blood pressure (hypertension), the age
when it was diagnosed, and measured blood pressure values, such as systolic and
diastolic readings, which can be found by searching the portal for "hypertension," "blood
pressure,” or "high blood pressure”. <

Fields to search for hypertension in UK Biobank:
Show more v

@ University of Oxford
https://biobank.ndph.ox.ac.uk » ukb » field

: Data-Field 2966

... high blood pressure, as defined by their answers to Field 6150. 2 Resources. Preview, Name, Res

ID. Preview of Screenshot from touchscreen questionnaire used to capture field 2966 - Screenshot fro...

Missing: fird | Show results with: find

People also ask

What are the investigations for hypertensive patients? v

What education should you provide to the patient with hypertension? v

: Data-Field 6150 - UK Biobank

& UK Biobank

9

: Data-Field 2966 - UK Biobank

UK Biobank

People also ask

What are the investigations for hypertensive patients? v
What education should you provide to the patient with hypertension? v
What labs are done for HTN patients? v
How do you know an hypertensive patient? v

@ UK Biobank
https://iwww ukbiobank ac.uk » projects » multiomic-dee...

Multiomic Deep Learning Approach for Predicting ...

2 Jul 2025 — We believe that using both imaging and genomic data in building a predictive model for
hypertension-related complications is an innovative strategy to engage in this global effort to improve...

@ University of Oxford
https://biobank_ndph.ox.ac.uk » ukb » field

: Data-Field 6150

Data. 556,352 items of data are available, covering 501,227 participants, encoded using Data-Coding
100605. Defined-instances run from 0 to 2, labelled using Instancing 2. Array indices run from 0 to 3....

Oxford Academic

https://academic.oup.com » ehjcimaging » article

C

Characterizing the hypertensive cardiovascular phenotype in ...

by H Elghazaly - 2023 - Cited by 15 — To describe hypertension-related cardiovascular magnetic
resonance (CMR) phenotypes in the UK Biobank considering variations across patient populations.

@ UK Biobank
https://iwww.ukbiobank ac.uk » projects » severe-hyperte.

Severe hypertension in African descent population

We will first classify participants according to the outcome of interest (e.g. severe hypertensive vs.
normotensive) and undertake statistical analysis to identify determinants associated with a higher risk ...
Missing: fields | Show results with: fields
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ChatGPT 5 Thinking ~
What fielc Primary care (GP) linked data

 Diagnoses/events table: gp clinical (Read v2 / CTV3 codes). Use curated HTN codelists; then join to

Thought for 5m 55s dates.
- HDanK +

Short answer: use diagnosis codes (HES + GP), self-report, n o Pprescriptions: gp_scripts (Read/BNF/DM+D). Use antihypertensive drug classes to flag treated HTN.

field IDs most people combine for a robust hypertension pt
kenhanscombe....

Hospital inpatient (HES) diagnoses e Coverage is partial (x45% of cohort), so don't rely on GP alone. siobank

e ICD-10 (any position, summary): 4127e ("Diagnoses —

. : ) _ . Self-reported disease/medication
in-patient diagnosis (ICD10)"). Use codes I10-I115. Older

* (If you need position-specific): Main = 41202 (ICD-10), e Doctor-diagnosed vascular/heart problems (incl. “High blood pressure”): 6156 (array option = high

ICD-9). GitHub .
a12es ( ) BP). Useful for baseline prevalent HTN. giobank -

“First occurrence” (pre-built incident dates across sources] . i " - " .
i * Non-cancer illness code, self-reported: 20002 with codes 1065 (“hypertension”) and 1072 (“essential

= Essential HTN (I110): date 131286 , source 131287 . _

e Hypertensive heart disease (I11): date 131288, source hypertensu:m"]. Biabank =2

e Hypertensive renal disease (112): date 131296 , source * Medication ﬂEIgS at touchscreen: 6152 (“Medication for blood FII"ESSL.II'E") and 6177 ("Medication for

= Hypertensive heart & renal (113): date 131292, source cholesterol, blood pressure or diabetes”; select the BP option).  siobank -

* Secondary HTN (I15): date 131294 , source 131295 .
These map GP Read, HES ICD-9/10, death registry, and

Biobani -5 » Age high BP diagnosed: 2966 . siobank

* Self-reported medication codes: 20003 (map to antihypertensive classes). ukBsiobank

Prima care (GP) linked data
hd Measured blood pressure at assessment

e Diagnoses/events table: gp clinical (Read v2 / CTV3
dates. siobank - * Automated readings: SBP 4ege , DBP 4079 .

* Prescriptions: gp_ scripts (Read/BNF/DM+D). Use ant Manual l'EEdif‘IgS' SBP 92 DBP 94

kenhanscombe...

e Coverage is partial (~45% of cohort), so don't rely on G Use with threshold definitions or to stratify treated vs untreated. See category “Blood pressure” for

Self-reported disease/medication device details. siobank -

» Doctor-diagnosed vascular/heart problems (inc (. dig paath registry {suppnrting evidence / exclusions)

BP). Useful for baseline prevalent HTMN. Biobank -

e Underlying cause of death (ICD-10): 4eee1 ; Contributory causes: 40002 . siobank -
-+ Ask anything

ChatGPT can make mistakes. OpendAl doesn't use Universi
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Configure

Name

UK BioGPT

Description

Research assistant to assist in finding relevant fields and definitions within the UK Biobank.

Instructions

You are a highly knowledgeable and insightful research assistant specializing in the UK Biobank (UKB). Your role is to guide users in formulating

research questions and identifying the appropriate UKB field definitions to answer these queries. You will always search your knowledge prior to
answering questions that reference the UKB's structure, contents, collection methodology, or similar questions.

Instructions:
Conversations with your GPT can potentially include part or all of the instructions provided.

Conversation starters

What fields can | use to find hypertensive patients?
What fields are there for cognitive function?

How can | find patients diagnosed with pancreatic cancer?

Knowledge

Conversations with your GPT can potentially reveal part or all of the files uploaded.

biobank metadata.json > biobank_partition 1.json Q
File File

. biobank_partition 2.json X . biobank partition 3.json > . biobank_partition 4.json o
File File File




NUFFIELD DEPARTMENT OF

B d PRIMARY CARE
BRI HEALTH SCIENCES

UK BioGPT 5 Thinking v

What fields can | use to find hypertensive patients?

Thought for Tm 24s

Love this question — there are several complementary ways to flag hypertension in UK Biobank. Which you
pick depends on whether you want a clinical diagnosis, elevated measured BP, treatment-based definitions,
or linked-record outcomes. Quick check before we dive in: are you aiming for (a) prevalent HTN at baseline,
(b) incident HTN from linked records, or (c) a composite like “self-report OR meds OR measured BP“? I'll

outline all the key fields so you can mix-and-match.

1) Self-reported doctor diagnosis (touchscreen/interview)

* Vascular/heart problems diagnosed by doctor — contains a “high blood pressure” option (multi-
select). Use this as yes/no for ever-diagnosed HTN: Field 6150
Age high blood pressure diagnosed — timing of first diagnosis: Field 2966
Non-cancer illness code, self-reported — coded tree that includes hypertension (use the hypertension

code): Field 20002

2) Measured blood p1 ?? AskChatGPT mant

» Systolic BP automated: Field 4080; Diastolic BP, automated: Field 4079. Two readings were taken with
an Omron device; you can average within visit and apply your threshold (e.g., 2140/90 mmHg for classic
cut-points, or your preferred guideline cut-points). You can also check Method of measuring BP (4081)
to separate automated vs manual if needed.

* Manual fallback readings: Systolic 93, Diastolic 94 (used if automated couldn’t be done).
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biobamkuh Index Browse Search Catalogues | Downloads Login AProviding a Curated

Data-Field 4080 knowledge base ensures that
Description: Systolic blood pressure, automated reading Suggestlons are d rawn frOm

Category: Assessment centre » Physical measures » Blood pressure

Physical measure summary + Physical measures aCtu al fleldS Wlth | N U KB rather

Participants| 476,020 Value Type|Integer, mmHg Sexed |Both sexes Debut |Jan 2012 th an hal I UC| nated g uesses
ltem count |1,127,793 ltem Type |Data Instances |Defined (4) Version |Sep 2024

Stability Complete Strata Primary Array Yes (2) Cost Tier|o1 s1

Almportant to check the details

Data || 4 Instances || Notes || 3 Related Data-Fields || 5 Resources

1,127,793 items of data are available, covering 476,020 participants. Of pI’O pOSGd fle|dS aS there
Defined-instances run from 0 to 3, labelled using Instancing 2. . .
Arr_ayindices run from 0 to 1. may be COnteXt m|SS|ng fI’Om
Units of measurement are mmHg. ]
the supporting docs the model
E:;z:;m fgi There are 197 distinct values. haS dCCesSS tO

Mean = 138.45

: Std.dev = 19.4926

Decile 7 147 6 items below graph minimum of 66
Decile 6 142 1274 items above graph maximum of 213
Median 137

Decile 4 132
Decile 3 127
Decile 2 122
Decile 1 115
Minimum 51

Decile 8 154

Enabling scientific discoveries that improve human health
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* 110 essential (primary) hypertension — date and source: 131286 (date), 131287 (source)
* |11 hypertensive heart disease — 131288/131289; 112 hypertensive renal disease — 131290/131291
(useful for subtyping)

Practical build-outs

Common phenotypes people use:

* Prevalent HTN at baseline: 6150 “high blood pressure” OR antihypertensive meds (6153/6177 or 20003)
OR measured SBP/DBP above threshold (average 4080/4079 within visit).
Incident HTN: first 110 date (131286) after baseline; optionally exclude those with baseline HTN by the
criteria above.

Treated vs untreated: intersect self-report/measurements with med fields (6153/6177; 20003).

Caveats and wrinkles

* Single-visit BP: BP was measured twice in one visit (automated; manual only if needed). UKB does not
have routine 3-month confirmations, so strict clinical definitions that require persistent elevation can't
be met from measures alone. Use meds or linked records to bolster specificity.

Measurement method: filter with 4081 if you want purely automated readings.
Coding trees: for 20002 and 20003, you'll need the hypertension and antihypertensive code lists; the

fields themselves are the right place to query them.

If you tell me your exact phenotype goal (e.g., “treated prevalent HTN excluding white-coat elevations” or

“Incident essential HTN only”), I'll sketch a clean, code-ready algorithm with inclusion/exclusion logic and

date rules.

O 6 9
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| want to test a hypothesis to see if there is a relationship between your
Zodiac star sign and the likelihood of dying from cancers that start with
the letter M. Determine what fields within UKB | would need to look for
and how | could design my experiment. | would also like to control for
people that have had between 2-3 jobs, lived close to the ocean, and
are allergic to shellfish but not cats.

Thought for 4m 21s

love the audacity of this hypothesis. let’s turn it into a crisp, testable study in UK Biobank (UKB) that won't

fall into the “fun-but-flimsy” trap.

first, two tiny clarifications so | don't mis-steer:

* by “"cancers that start with M,” I'll pre-register these major types: melanoma of skin (ICD-10 C43),
mesothelioma (C45), and multiple myeloma (C90). If you want a wider “M-list” (e.g., malignant meninges,
medulloblastoma, myxofibrosarcoma), say so up front and we’ll add exact ICD-10/1CD-0O-3 codes before
analysis.

« UKB does not (normally) release each participant’s exact birth day, only month and year. So “zodiac sign”
must be approximated from month-of-birth (or you analyze “month-of-birth” directly, which is statistically
cleaner and avoids cusp-day misclassification). Month (Field 52) and year (Field 34) are available; full DOB

(Field 33) is restricted to exceptional cases .




