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PREDGOVOR MULTIKONFERENCI
INFORMACIJSKA DRUZBA 2026

29. mednarodna multikonferenca Informacijska druzba se odvija v ¢asu izjemne rasti umetne inteligence,
njenih aplikacij in vplivov na ¢lovestvo. Vsako leto bolj vstopamo v novo dobo, v kateri generativna umetna
inteligenca ter drugi inovativni pristopi oblikujejo poti k superinteligenci in singularnosti, Ki bosta krojili
prihodnost ¢loveske civilizacije. Nasa konferenca je tako hkrati tradicionalna znanstvena in akademsko
odprta, pa tudi inkubator novih, pogumnih idej in pogledov.

LetoSnja konferenca poleg umetne inteligence vkljucuje tudi razprave o perecih temah danaSnjega Casa:
ohranjanje okolja, demografski izzivi, zdravstvo in preobrazba druzbenih struktur. Razvoj Ul ponuja resitve
za Stevilne sodobne izzive, kar poudarja pomen sodelovanja med raziskovalci, strokovnjaki in odlocevalci
pri oblikovanju trajnostnih strategij. Zavedamo se, da zivimo v obdobju velikih sprememb, ko je klju¢no,
da z inovativnimi pristopi in poglobljenim znanjem ustvarimo informacijsko druzbo, ki bo varna,
vklju¢ujoca in trajnostna.

V okviru multikonference smo letos zdruzili dvanajst vsebinsko raznolikih srecanj, ki odrazajo $irino in
globino informacijskih ved: od umetne inteligence v zdravstvu, demografskih in druzinskih analiz, digitalne
preobrazbe zdravstvene nege ter digitalne vkljucenosti v informacijski druzbi, do raziskav na podro¢ju
kognitivne znanosti, zdrave dolgozivosti ter vzgoje in izobrazevanja v informacijski druzbi. Pridruzujejo
se konference o legendah racunalnistva in informatike, prenosu tehnologij, mitih in resnicah o varovanju
okolja, odkrivanju znanja in podatkovnih skladiscih ter seveda Slovenska konferenca o umetni inteligenci.

Poleg referatov bodo okrogle mize in delavnice omogocile poglobljeno izmenjavo mnenj, ki bo pomembno
prispevala k oblikovanju prihodnje informacijske druzbe. »Legende racunalni$tva in informatike«
predstavljajo domaéi »Hall of Fame« za izjemne posameznike s tega podro¢ja. Se naprej bomo spodbujali
raziskovanje in razvoj, odli¢nost in sodelovanje; razsirjeni referati bodo objavljeni v reviji Informatica, s
podporo dolgoletne tradicije in v sodelovanju z akademskimi institucijami ter strokovnimi zdruzenji, kot
so ACM Slovenija, SLAIS, Slovensko drustvo Informatika in InZenirska akademija Slovenije.

Vsako leto izberemo najbolj izstopajoce dosezke. Letos je nagrado Michie-Turing za izjemen zivljenjski
prispevek k razvoju in promociji informacijske druzbe prejel Denis Tréek, priznanje za raziskovalni
dosezek leta pa Jure Leskovec. »Informacijsko limono« za najmanj primerno informacijsko storitev je
prejel informacijski sistem za dolgotrajno oskrbo. » Informacijsko jagodo« za najboljsi sistem ali storitev v
letih 2025/2026 pa je prejela elektronska osebna izkaznica. Iskrene ¢estitke vsem nagrajencem!

Nasa vizija ostaja jasna: prepoznati, izkoristiti in oblikovati priloZnosti, ki jih prinasa digitalna preobrazba,
ter ustvariti informacijsko druzbo, ki koristi vsem njenim ¢lanom. Vsem sodelujo¢im se zahvaljujemo za
njihov prispevek — veseli nas, da bomo skupaj oblikovali dosezke, ki bodo krojili usodo Slovenije in sveta.

Mojca Ciglari¢, predsednica programskega odbora
Matjaz Gams, predsednik organizacijskega odbora



FOREWORD TO THE MULTICONFERENCE
INFORMATION SOCIETY 2026

The 29th International Multiconference Information Society takes place at a time of remarkable growth in artificial
intelligence, its applications, and its impact on humanity. Each year we move further into a new era in which
generative artificial intelligence and other innovative approaches are opening paths toward superintelligence and
the singularity — two developments that will shape the future of human civilization. Our conference is at once a
traditional scientific meeting, an academically open forum, and an incubator of new and bold ideas.

In addition to artificial intelligence, this year’s conference also addresses pressing issues of our time: environmental
protection, demographic challenges, healthcare, and the transformation of social structures. The development of Al
offers solutions to many contemporary challenges and underscores the need for collaboration among researchers,
professionals, and policymakers in shaping sustainable strategies. We are aware that we live in a period of profound
change, when innovative approaches and deep knowledge are essential if we are to build an information society
that is safe, inclusive, and sustainable.

This year’s multiconference brings together twelve thematically diverse meetings that reflect the breadth and depth
of the information sciences. They range from artificial intelligence in healthcare, demographic and family studies,
the digital transformation of nursing, and digital inclusion in the information society, to research in cognitive
science, healthy longevity, and education in the information society. They are joined by conferences on the
Legends of Computing and Informatics, technology transfer, myths and truths of environmental protection,
knowledge discovery and data warehouses, and, of course, the Slovenian Conference on Artificial Intelligence.

Alongside the papers, round tables and workshops will enable an in-depth exchange of views that will contribute
substantially to shaping the future information society. Legends of Computing and Informatics serves as a national
Hall of Fame for outstanding individuals in the field. We will continue to foster research and development,
excellence, and collaboration. Extended papers will be published in the journal Informatica, building on a long-
standing tradition and on cooperation with academic institutions and professional associations, including ACM
Slovenia, SLAIS, the Slovenian Society Informatika, and the Slovenian Academy of Engineering.

Each year we single out the most distinctive achievements. This year the Michie-Turing Award for an outstanding
lifetime contribution to the development and promotion of the information society was presented to Denis Tréek,
and the Award for Research Achievement of the Year to Jure Leskovec. The “Information Lemon” for the least
appropriate information service went to the long-term care information system. The “Information Strawberry” for
the best system or service in 2025/2026 went to the electronic identity card. Our warmest congratulations to all the
award winners.

Our vision remains clear: to recognize, use, and shape the opportunities of digital transformation, and to create an
information society that benefits all of its members. We thank all participants for their contributions. We look
forward to shaping, together, achievements that will determine the fate of Slovenia and of the world.

Mojca Ciglari¢, Chair of the Program Committee
Matjaz Gams, Chair of the Organizing Committee



KONFERENCNI ODBORI
CONFERENCE COMMITTEES

International Programme Committee

Vladimir Bajic, South Africa
Heiner Benking, Germany

Se Woo Cheon, South Korea
Howie Firth, UK

Olga Fomichova, Russia
Vladimir Fomichov, Russia
Vesna Hljuz Dobric, Croatia
Alfred Inselberg, Israel

Jay Liebowitz, USA

Huan Liu, Singapore

Henz Martin, Germany
Marcin Paprzycki, USA
Claude Sammut, Australia
Jiri Wiedermann, Czech Republic
Xindong Wu, USA

Yiming Ye, USA

Ning Zhong, USA

Wray Buntine, Australia
Bezalel Gavish, USA

Gal A. Kaminka, Israel

Mike Bain, Australia

Michela Milano, Italy
Derong Liu, Chicago, USA
Toby Walsh, Australia

Sergio Campos-Cordobes, Spain
Shabnam Farahmand, Finland
Sergio Crovella, Italy

Programme Committee

Mojca Ciglaric¢, chair
Bojan Orel,
Franc Solina,
Viljan Mahnic,
Cene Bavec,
Tomaz Kalin,
Jozsef Gyorkos,
Tadej Bajd
Jaroslav Berce
Mojca Bernik
Marko Bohanec
Ivan Bratko
Andrej Brodnik
Dusan Caf

Sasa Divjak
Tomaz Erjavec
Bogdan Filipi¢
Andrej Gams
Matjaz Gams
Mitja Lustrek
Marko Grobelnik
Nikola Guid

Organizing Committee

Matjaz Gams, chair
Mitja Lustrek

Lana Zemljak
Vesna Koricki
Mitja Lasi¢

Blaz Mahni¢

Marjan Hericko
Borka Jerman Blazi¢ DZonova

Bostjan Vilfan
Baldomir Zajc

Gorazd Kandus Blaz Zupan
Urban Kordes Boris Zemva
Marjan Krisper Leon Zlajpah
Andrej Kuséer Niko Zimic
Jadran Lenarci¢ Rok Piltaver
Borut Likar Toma Strle
Janez Malaci¢ Tine Kolenik
Olga Marki¢ Franci Pivec
Dunja Mladeni¢ Uros Rajkovic
Franc Novak Borut Batagelj
Vladislav Rajkovi¢ Tomaz Ogrin
Grega Repovs Bojan Blazica
Ivan Rozman Matjaz Kljun
Niko Schlamberger Robert Blatnik
Gasper Slapniéar Erik Dovgan
Stanko Strm¢nik Spela Stres
Jurij Silc Anton GradiSek
Jurij Tasi¢ Borut Trpin

Denis Tréek
Andrej Ule

Anka Slana Ozimi¢






KAZALO / TABLE OF CONTENTS

Uporaba Ul v zdravstvu / Al IN HEAITNCAIE ...........coiiie ettt 1
PREDGOVOR / FOREWORD ..ottt sttt bbbttt ettt eb et 3
PROGRAMSKI ODBORI / PROGRAMME COMMITTEES ..ot 4
HomeDOCtor 2.0: Explainable Stateful Medical Intake within the European ChatMED Ecosystem / Bureau

Mathieu, Gaudin Jonathan, Kocuvan PrimoZz, Horvat Tadej, Gams MatjaZ .........cccccoovvveiinieninneneeneseseennens 5
Estimating the GDP-Relevant Effects of Al in Slovenian Healthcare through Reduced Sick Leave / Kocuvan
PrimoOZ, GAMS MALJAZ .......ueiuiiieiitieiie ittt sttt b e bt ettt h e bkt e st e sb ek e e bt s bt e nbenbeeneenbesbe e e e sbesnee b 9
Overcoming Bias and Building Trust: Design of a Prospective Evaluation of Explainable Al in Melanoma
Detection Across Diverse Skin Phototypes / Herke Anna-Katharing ............c.ccooeoeieiciiiinisencecee 17
Detecting Spin in Clinical Trials with Large Language Models / Ajdovec Tja$, Robnik-Sikonja Marko, Suster
SHIMION <ot h b bbb b s b s b bR bt R b E R R R R bbb bbbt 21

Evaluating Automatic Speech Recognition Performance in Individuals with Parkinson’s Disease and Healthy
Controls / Andonov Stefan, Damjanovi¢ Radomir, Trojachanec Dineva Katarina, Tojtovska Biljana,
Ribarski Pance, Loshkovska Suzana, Simjanoska Misheva Monika, Mishev Kostadin, Stemenovi¢ Jelena,

LUUKIC STEVO 1reiiiiitiiii i ittt s ettt et et e s ettt e e st e e e s bbb e e et bbb e e e s aabbeeesaabbeeeseabbeeessasbeseesasbeeeeensbeeeeensbaeeeeanbbeeesantaeeenantees 26
Digital Health Across EU Borders: Data Protection and Artificial Intelligence in MyHealth@EU / Kocuvan
PrimoOZ, GAmS IMALJAZ ... ..cc.viiiiiiieitie itttk h bt a ettt e sb e e s bt e she e et e e be e s beenbe et e e anneenreere e 32

Physician-Rated Accuracy, Safety and Communication Quality of Large Language Model Responses to
Epilepsy Questions in an Online Patient Forum: Two Parallel Evaluations / Lazi¢ Lazar, Svetozarevié¢

Mihailo, Stojkovi¢ Mina, Jankovi¢ Milan, Svetozarevi¢ Isidora, Jankovi¢ Sonja, Luki¢ Stevo..........ccceeueee 37
Benchmarking ChatGPT-5 Against ILAE Standards for Epilepsy-Associated Depression / Vuckovi¢ Snezana,
Jankovié¢ Milan, BiSevac Boban, LUKIC StEVO........cciiiiiiiiiiiic i se e stee et stne e steese e snae e snneennee s 43
On Robustness of LLMs in Healthcare: A Combinatorial Testing Approach to Prompt Perturbations / Muji¢
EMir, NICA TUNIA, WOTAWA FTANZ.......co oottt ettt ettt et e e e ettt e e ettt e e et e e e e et et e e saeteeeesaaraeeeearees 52
INdeks avtorjev / AULNOT INAEX ......c.ccviiieiece ettt e e s este e e e sneenne e 59



Vi



Zbornik 29. mednarodne multik

S
koS <N
INFORMACIJSKA DRU7©> /S 2026

Zvezek K

Proceedings of the 29th Interng (\J\Mult iconferercCe

INFORMATION SOS& )( - I“<

Volume K

Upor, t@dra\
i 3 ealthcafe

Ure nlka/E |tors

Q\,

S ltht Jlis

Q / %/ober 2026 / 8 October 2026
Ljubljana, Slovenia



https://is.ijs.si/




FOREWORD

We are entering a period in which artificial intelligence (Al) is no longer a disruptive promise
in medicine but a working instrument. In our view, Al has reached the capability of artificial
general intelligence (AGI) and is moving toward superintelligent (S1 or SAI) systems. For
healthcare that means a change of era, not another incremental tool.

The most recent results make the scale of that change visible. An Al-designed drug candidate,
rentosertib, developed for a rare lung disease, has in 2026 shown early clinical evidence that
markers of biological age can fall on several independent aging clocks. Google DeepMind’s
AlphaGenome Atlas now maps the predicted molecular effect of billions of possible single-
letter changes in the human genome. Rare-disease variants that used to take years of specialist
reading can be ranked in software, and the same maps can be searched for drug targets.
Medicine is acquiring a searchable layer over biology.

These are early findings, not finished therapies. They are nevertheless sufficient to say that
extraordinary years lie ahead for patients: faster discovery, earlier diagnosis of rare
conditions, and treatments designed with models rather than only with trial and error.

Responsibility remains. Privacy, bias, and clinical accountability do not disappear because the
models are stronger. Al should support physicians in high-stakes decisions. What is no longer
tenable is to treat proven medical Al as an experiment to be postponed.

A practical demonstration is already running. The LLM-based personal medical platform
HomeDOCtor, developed in the ChatMED line of work, has been in regular use in Slovenia
since 2025, without operational failure of the kind often predicted for such systems.
Prototypes have been tested in North Macedonia and Serbia. Continuous everyday use is
evidence that large language models, properly supervised, can be reliable and of sufficient
quality for real patients. National-scale adoption of systems of this class has been estimated to
yield benefits on the order of €100 million.

This conference is convened in that spirit: to present current work, to keep claims tied to
evidence, and to prepare healthcare for the extraordinary period that Al is opening.

Franz Wotawa
Monika Smiljanovska
Stevo Luki¢

Matjaz Gams
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HomeDOCtor 2.0: Explainable Stateful Medical Intake
within the European ChatMED Ecosystem

Mathieu Bureau
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Cachan, France
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@gmail.com

Jonathan Gaudin
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Abstract

HomeDOCtor 2.0 is a stateful conversational medical-intake
assistant developed at the JoZef Stefan Institute within the
European ChatMED ecosystem. Building on the knowledge-
augmented counselling approach of HomeDOCtor 1.0, we
separate patient dialogue from information extraction, patient
state, and case generation. A conceptual knowledge graph
connects symptoms and patient context to follow-up questions,
urgency assessment, and care recommendations. The
implementation uses separate language-model calls and fixed
prompts for structured extraction and response generation.
Patient facts accumulate across turns, while diagnostic
suggestions remain separate from the recorded history. We
describe the state-update rules, prompting strategy, red-flag
handling, and session privacy policy, and illustrate their
relationship through a two-turn intake example. The
contribution is a transparent account of the architecture and its
implementation, providing a basis for technical inspection and
further evaluation. Diagnostic accuracy and clinical safety have
not yet been established through systematic clinical validation.

Keywords

HomeDOCtor, conversational Al, medical intake, knowledge
graph, patient state, structured extraction, clinical decision
support, large language models, healthcare recommendation,
red-flag detection, ChatMED.

1 Introduction

Patients usually describe symptoms in everyday language and
may omit their duration, severity, associated symptoms, or
relevant medical history. A conversational intake assistant must
collect these details over several turns and retain them when
asking follow-up questions. The resulting information should
also be available in a form that a clinician can inspect without
reconstructing the entire conversation.

HomeDOCtor 1.0 integrated medical knowledge into GPT-
40 for personal health counselling [1]. In HomeDOCtor 2.0, we
extend this approach with an explicit patient state and a
reusable patient case. The work forms part of the European
ChatMED ecosystem, which supports research collaboration
and generative-Al adoption in healthcare, with the JoZef Stefan
Institute as a partner [2].

Primoz Kocuvan
Jozef Stefan Institute
Ljubljana, Slovenia
Primoz.Kocuvan@ijs.si

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or
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Our objective is to explain how conversational input
becomes structured information and how that information
supports the next question or care recommendation. We
present the architecture, describe the underlying
transformations, and connect them through a worked example.
Explainability in this paper refers to the visibility of patient
facts, intermediate representations, and data flow. It does not
imply that the internal reasoning of the language model is
accessible or clinically verified.

2 Background and related work

Healthcare chatbots provide conversational access to
information and services, with transparency and human-AI
interaction as important design concerns [3]. Medical question-
answering research has demonstrated the capabilities of large
language models (LLMs), while also showing the need to
evaluate factuality, potential harm, and clinical appropriateness
[4]. Stress tests of GPT-3-based healthcare agents identified
erroneous information and unsafe recommendations [5]. Omiye
et al. review further limitations affecting the use of LLMs in
medicine [6]. These findings motivate explicit handling of
patient information and evaluation of individual system
components.

Knowledge graphs make entities and their relationships
explicit [7]. We use this form to explain the medical and
conversational entities in HomeDOCtor 2.0. Retrieval-
augmented generation supplies external knowledge to a model
[8], whereas session state preserves the patient-specific
information collected during an interaction. Our contribution
combines these established ideas in a medical-intake workflow.
It concerns the organisation of the application and its interfaces,
without introducing a new retrieval algorithm or a validated
medical ontology.

WHO guidance on large multimodal models highlights
unreliable outputs, automation bias, and privacy risks [9]. We
therefore position HomeDOCtor as support for information
collection before consultation. Its recommendations require
appropriate clinical evaluation before they can be treated as
reliable medical decisions.

3 Architecture and knowledge representation

We developed the representation from the HomeDOCtor 1.0
design [1], our intake implementation, and the web application
workflow. We first identified medical entities, including
symptoms, medication, conditions, and red flags. We then
connected them to messages, conversation history, patient
state, and generated outputs. Each connection represents a data
transformation or a dependency in the intake process.

Figure 1 presents the resulting conceptual knowledge graph.
Patient context and symptom collection feed follow-up
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questions, information extraction, and urgency assessment. The
recommendation layer includes possible diagnoses, care-path
guidance, and patient reports. These outputs are generated from
the available information and remain separate from patient-
reported facts. The graph describes the architecture and its
intended scope, rather than a clinical inference engine.

Figure 2 shows the web workflow. A FastAPI endpoint
receives a message and session identifier, extraction updates the

M. Bureau et al.

patient state in Redis, and the state is formatted as a patient case.
The case then supports the next response and optional
diagnostic processing. Conversation history preserves the
dialogue, while patient state provides a concise representation
of the clinical information already collected. In the figure,
persistence refers to continuity across turns within a session.

HomeDOCtor 2.0 - Extended Knowledge Graph
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Figure 1: HomeDOCtor 2.0 conceptual knowledge graph connecting patient context, symptom collection, urgency
assessment, and recommendation outputs.

HomeDOCtor 2.0 conversational workflow

Case +
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Follow-up question or
possible diagnoses

Redis
»|patient state|
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across turns

Extraction
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Symptoms, red flags,
context fields

User-facing
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User FastAPI
message |,| endpoint |,
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optional file streamed response

The model does not replace medical diagnosis: red flags and uncertainty should direct the user toward professional care.

Figure 2: HomeDOCtor 2.0 web workflow. Patient state is retained across turns for the duration of the conversation.
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4 Implementation

4.1 Models and prompting

We currently use GPT-5.6 Luna for both information extraction
and response generation. The two roles use separate calls and
fixed instructions. Preparation for local inference with a Qwen
or Gemma family model is ongoing, and we do not report local-
model results here.

The extraction call combines EXTRACTOR_PROMPT with
the preceding assistant message and the latest patient reply.
This context helps interpret short answers to follow-up
questions. The model returns structured JSON parsed into the
IntakeExtraction schema. Response generation receives
HOME_DOC_PROMPT, a language
conversation history, and a temporary prompt constructed from
the current patient case. This prompt directs the model to
consider missing information, respond with brief empathy, and
ask one useful follow-up question. After diagnostic processing,
it also requests a care recommendation. Temporary prompts are
rebuilt for each call rather than accumulated in the conversation
history.

We supplement model prompts with retrieval from medical
sources and a database of disease-symptom associations
expressed as percentages. The associations provide supporting
medical context. We have not calibrated them as probabilities
of an individual patient’s diagnosis. Exact replication also
depends on the full prompt texts, schema definitions, retrieval
corpus and settings, database version, and diagnostic-module
configuration, which are not included in this paper.

instruction, the

4.2 Patient state and recommendation
generation

The update_state function matches symptoms by name. For an
existing symptom, newly extracted attributes replace stored
values when they are neither null nor empty. Otherwise, the
previous values remain available. New symptoms are appended.
Medication, past-condition, addiction, allergy, and negative-
finding lists are merged by set union. Age and gender are
retained when absent from the new extraction, while red_flag
and medical relevance take the latest extracted values.

The generate_patient_case function formats the stored
information into a structured text summary. It includes
demographics, medication, history, allergies, negative findings,
and each symptom’s location, onset, duration, severity, and
type. Unreported values appear as “unknown”. Case generation
is deterministic formatting of patient state, so it does not
introduce a separate diagnostic interpretation. The
conversational model receives the updated case on each turn.

The Konzilij module accepts the patient case and returns a
diagnostic summary and recommendation. The wrapper
includes up to three candidate diagnoses with likelihood scores,
self-help information, and contextual text. These outputs
become additional context for response generation without
overwriting PatientState. Our command-line development
version uses a fixed first-turn trigger for this module. A
criterion based on the completeness of the case remains to be
defined for systematic evaluation.

M. Bureau et al.

4.3 Red flags and urgent care

Red-flag detection uses the LLM with support from the disease—
symptom database. The extractor records a Boolean red_flag in
the patient state. Our intended emergency path gives a positive
flag priority over routine follow-up and optional diagnostic
processing, directing the patient to urgent professional care.
The example in Section 5 illustrates this requirement.

In our command-line development version, the explicit
red_flag_protocol call is disabled and the formatted case omits
the flag. The demonstration handler displays an urgency
message but cannot call emergency services. The intended
response therefore requires an enabled routing path that passes
the flag directly to the patient-facing warning and is tested end
to end.

4.4 Privacy and session management

Our user manual discourages personal identifying details and
prohibits them in some contexts. This is an input policy, without
automatic anonymization. The web application holds encrypted
session state in Redis memory during the conversation, writes
no conversation data to disk, and deletes the state when the
conversation ends. This limits retained patient data but prevents
retrospective analysis of conversation records. Application-side
deletion does not determine an external model provider’s
retention policy.

5 Illustrative intake interaction

This constructed example connects patient input, state updates,
and the intended care recommendation. It is not a recorded
patient conversation or a measured system result.

Turn 1, patient: “T have had a headache since this morning,
about 4 out of 10.”

Extracted state: symptom = headache, duration = since this
morning, severity = 4/10. Age, medication, onset pattern, and
associated symptoms remain unknown. The red-flag assessment
is incomplete.

Follow-up: “Do you also have fever, a stiff neck, or discomfort
in bright light?”

Turn 2, patient: “Yes, my temperature is 39°C, my neck is stiff
and light hurts my eyes. I am 52 and take amlodipine.”

Updated state: the headache, duration, and severity are
retained. Fever, neck stiffness, light sensitivity, age = 52, and
medication = amlodipine are added. The expected red-flag
assessment is positive.

Patient case, abridged: age: 52. Medication: amlodipine.
Symptoms: headache since this morning, severity 4/10, fever of
39°C, neck stiffness, and light sensitivity. Allergies and past
conditions: unknown.

Expected recommendation: “This combination of symptoms
needs emergency medical assessment. Call 112 now.” The
warning signs are consistent with emergency guidance for
headache [10], and 112 is the emergency number in Slovenia
[11]. Further intake and diagnostic deliberation should not
delay this advice. The patient must make the call.
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6 Discussion and limitations

The worked example shows why patient state is useful: the
second reply adds clinically relevant information without
requiring the patient to repeat the original complaint. The case
retains both sets of facts, making the input to recommendation
generation available for inspection. Keeping candidate
diagnoses in a separate output distinguishes generated
hypotheses from patient-reported history. These are
architectural properties, and their effect on clinical outcomes
remains to be evaluated.

The patient case provides an interface for clinical review: a
clinician can inspect the available information and identify
details requiring clarification. A consistent case format alone
cannot establish fidelity, because a summary can omit nuance
or preserve an extraction error.

Our current merge rules have limitations. Matching by
symptom name depends on consistent terminology, and set
union does not resolve corrections or withdrawal of previous
statements. A newly extracted false red flag can replace an
earlier true value. These cases require explicit handling of
contradictions and safety-relevant information across turns.
The emergency route described in Section 4.3 also requires end-
to-end verification.

We operated HomeDOCtor 1.0 online for approximately
eighteen months. We did not retain conversation records or
record conversation counts under our privacy policy, so we
cannot report the number of users or encounters. Users could
submit feedback voluntarily. This was not a systematic
physician or user survey, and we did not establish a predefined
definition or monitoring protocol for major medical incidents.
We therefore draw no conclusions about clinical safety or
overall satisfaction from the period of operation or the feedback
channel.

We used internal benchmarks to examine conversation
quality, but this paper does not present their composition,
sample size, scoring protocol, or numerical results. Our
evidence is consequently limited to the implementation
description and illustrative case. A systematic evaluation
should examine information extraction, state updates, case
fidelity, and recommendation appropriateness separately,
because a fluent final response can conceal an error introduced
earlier in the workflow.

To isolate the contribution of patient state, we propose a
paired comparison using the same scripted cases, model,
medical sources, and dialogue instructions. One configuration
would receive conversation history alone, while the other
would also receive the state and case. Clinician annotations at
each turn would distinguish reported facts, denied findings, and
unknown information. Measures should cover retained facts,
unsupported additions, omissions, and handling of corrections.
Repeated runs would reveal variation in model outputs, with
separate results for complete and incomplete histories.

Emergency tests should examine the complete route from
extraction through state updates to the visible recommendation.
A positive flag is insufficient if it is subsequently lost or does
not change the advice. A fixed set of urgent and clinically
similar non-urgent cases, assessed against predefined clinician
criteria, would support sensitivity and false-alarm estimates.
Language variation and symptom corrections should test
whether urgency is preserved across turns.

M. Bureau et al.

Constructed, clinician-annotated cases would allow
repeatable testing without retaining ordinary user histories.
This approach is compatible with our session privacy policy,
while prospective clinical validation would still be needed.

7 Conclusion

We presented HomeDOCtor 2.0 as a stateful medical-intake
architecture within the ChatMED ecosystem. Its main
contribution is the explicit connection between conversational
input, structured patient state, case generation, and
recommendation support. The knowledge graph and worked
example make these relationships understandable, while the
implementation description identifies the prompts and update
rules that govern them. Further work will address state
corrections, emergency routing, reproducible configuration,
and clinician-led evaluation before drawing conclusions about
clinical reliability.
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Abstract

This paper presents a scenario analysis of one potential macroe-
conomic channel through which Al adoption in Slovenian health-
care may affect GDP: reductions in sickness-related work absence.
It explores how Al-enabled improvements in diagnostic accuracy,
workflow efficiency, and patient management can reduce ineffi-
ciencies in healthcare delivery, particularly by decreasing absen-
teeism and associated productivity losses. We do not separately
quantify administrative gains or resource-allocation effects; these
remain outside the present accounting. A case calculation based
on current Slovenian economic and healthcare data reports sev-
eral distinct, non-additive outputs: a wage-based valuation of
restored working time, a separate household-consumption chan-
nel based only on the unreplaced share of restored earnings, an
alternative national-accounts sensitivity valuation based on GDP
per employed person-day, and external pessimistic and optimistic
productivity benchmarks adopted from prior work. The analysis
therefore distinguishes rather than combines the channels and
valuation perspectives through which Al-enabled reductions in
sickness absence may have macroeconomic significance. The sce-
nario results suggest that Al-enabled healthcare improvements
could contribute to healthcare transformation and broader eco-
nomic performance, conditional on the assumed reduction in
sickness absence.

Keywords
GDP, economy, gross benefit, A, healthcare

1 Introduction

Healthcare systems worldwide face persistent pressures arising
from rising costs, workforce shortages, demographic aging, and
the growing prevalence of chronic diseases, all of which strain
the sustainability and performance of health services. These pres-
sures also influence broader economic outcomes, given the close
interdependence between population health, labour productiv-
ity, and national economic performance. Aging populations and
chronic disease burdens increase demand for complex care, el-
evate healthcare expenditures, and reduce labour force partici-
pation through illness-related work absence, thereby affecting
gross domestic product (GDP) and public finances. In response
to these multifaceted challenges, technological innovation, par-
ticularly artificial intelligence (AI), has gained prominence as a
potential lever for improving efficiency, quality, and resilience in
healthcare delivery.
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In Slovenia, developments over the past decade and a half
illustrate that increasing financial and human resources alone
has not translated into proportional improvements in healthcare
performance. Between 2010 and 2024, the number of healthcare
employees grew substantially, with the number of physicians
increasing markedly and the overall healthcare workforce ex-
panding accordingly, while current health expenditure rose to
approximately EUR 6.26 billion, representing 9.3% of GDP. Pub-
lic spending on healthcare has thus become one of the largest
and fastest-growing components of government expenditure.
Despite these sustained increases in funding and staffing, key
performance indicators remain problematic: waiting times for
specialist visits and elective procedures remain long, and the
number of patients waiting beyond acceptable thresholds contin-
ues to pose a major accessibility challenge. These trends suggest
that traditional policy responses based on expanding budgets
and personnel within existing organizational structures have
not been sufficient to improve service accessibility or efficiency
and, in some respects, have coincided with a worsening user
experience.

In the context of Slovenia, this divergence between rising
inputs and declining outcomes raises an important economic
and policy question. If Al can reduce sickness absence, decrease
administrative and clinical inefficiencies, and improve decision-
making in healthcare delivery, the resulting gains may materi-
alize not only within the health system but also at the macroe-
conomiic level. Reduced lost workdays increase effective labour
supply, while only the unreplaced share of restored earnings
can support additional household consumption; potential fiscal-
pressure effects remain outside the present accounting. Against
this background, the central question addressed in this paper
is the following: what is the potential macroeconomic benefit
of introducing Al into Slovenian healthcare, and to what extent
could efficiency gains translate into measurable improvements
in national economic output?

The paper contributes by providing a macroeconomic transla-
tion of Al-enabled reductions in sickness absence into separate,
non-additive scenario outputs benchmarked against GDP. It dis-
tinguishes a wage-based valuation of restored working time, a
separate induced household-consumption channel, a GDP-per-
employed-person-day sensitivity valuation, and external produc-
tivity benchmarks adopted from prior Slovenian research. This
separation makes explicit which quantities are calculated in the
present study, which are inherited from prior work, and which
should not be combined because they represent alternative valu-
ations of the same underlying recovery in working time.

Our system HomeDOCtor [5], can be perceived as a practical
attempt in this direction.

2 Related work

Healthcare systems globally are confronting escalating costs,
workforce shortages, and increasing demand for high-quality
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services, placing pressure on both the sustainability of health
systems and overall economic performance. These systemic chal-
lenges—exacerbated by aging populations and rising chronic
disease prevalence—have motivated interest in technological in-
novations that can increase efficiency and reduce costs. In this
context, Al has emerged as a key innovation with potential to
transform clinical workflows, enhance diagnostic accuracy, auto-
mate administrative tasks, and improve operational performance
across healthcare settings [26], [7], [16]. Contemporary analyses
highlight AT’s capacity not only to assist clinical decision-making
but also to streamline processes that traditionally consume sig-
nificant time and resources, potentially improving care delivery
while lowering overall system expenditure. For example, pre-
dictive analytics and automated documentation tools can free
clinicians from routine tasks and reduce administrative burden,
while Al-supported triage and imaging interpretation can accel-
erate diagnosis and limit unnecessary procedures [26], [7].

Al technologies from machine learning diagnostic models to
high-dimensional predictive systems are already being explored
for deployment in hospitals and primary care environments be-
cause they can enhance decision quality and optimize workflow
efficiency [18]. Evidence from systematic reviews and emerging
cost-effectiveness studies suggests that Al interventions have
the potential to reduce unnecessary costs and improve health
outcomes by expediting processes and reducing inefficiencies,
although methodological challenges in economic evaluations
remain significant [25]. Specifically, there is a dearth of standard-
ized economic evaluation frameworks for Al technologies, and
many existing studies suffer from heterogeneous outcomes and
limited long-term cost data [25]. Yet, despite these limitations,
preliminary findings indicate that Al can achieve cost savings by
decreasing diagnostic errors, optimizing resource allocation, and
improving care coordination.

Beyond the health services domain, broader economic analyses
indicate that Al adoption can contribute positively to productiv-
ity growth at national and sectoral levels. Emerging models of the
Al economy suggest that increased automation and data-driven
decision support can enhance labour productivity, with potential
correlations between Al intensity and macroeconomic indica-
tors such as GDP per capita [8]. Similarly, research in economic
efficiency has identified Al as a driver of innovation and produc-
tivity growth in multiple sectors, emphasizing its role in reducing
production inefficiencies and enabling new value creation path-
ways [3]. These findings align with macroeconomic projections
that underscore structural productivity gains as critical drivers of
long-term economic growth, including in high-income economies
where labour force growth is slowing.

The potential for Al to contribute to national economic output
is further supported by empirical studies of healthcare manage-
ment systems, which highlight associations between efficient
health service delivery and broader socio-economic development
[11]. However, measuring AI’s full economic impact remains
complex, as some Al-generated gains—particularly those related
to quality improvements and intangible productivity enhance-
ments—may not be fully captured within traditional GDP ac-
counting frameworks or national statistics [4]. This underscores
the difficulty of quantifying the aggregate economic value of
Al innovations without comprehensive and dynamic modeling
approaches.

In the context of Slovenia—an economically developed and
digitally engaged EU member state—understanding the linkages
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between Al innovation in healthcare and wider economic per-
formance is especially relevant. If Al can reduce the burden of
chronic illness, decrease lost workdays, and improve system ef-
ficiency, then the resulting productivity gains may propagate
through household consumption, labour supply, and other chan-
nels that contribute to GDP growth. Moreover, theoretical studies
on the economic implications of biased or inequitable Al systems
highlight that suboptimal implementations can impose economic
burdens, particularly during health emergencies, reinforcing the
importance of robust governance and ethical design in pursuing
Al-driven efficiency gains [13]. The present study therefore de-
velops a conceptual and quantitative framework to estimate the
pathways through which Al in healthcare could influence Slove-
nia’s GDP, offering insights for policymakers and health system
stakeholders seeking evidence-based strategies for integrating
Al into health and economic planning.

3 Methodology
3.1 Data and valuation framework

We anchor the financial analysis in the calendar year 2024, as
this is the most recent year for which absenteeism, earnings,
household-sector, and GDP variables are available in consistent
official form from NIJZ, ZZZS, and SURS [15, 10, 21, 23, 22]. The
analytical framework builds on the empirical estimates reported
by Smodis et al. on the economic effects of reduced sickness
absence [20]. Their analysis reports potential annual economic
savings from reduced sick leave ranging from approximately
EUR 17 million in a pessimistic scenario to EUR 322 million in
an optimistic scenario.

The present analysis extends this absenteeism-based frame-
work by translating reduced sickness absence into separate macroe-
conomic scenario valuations. First, we calculate a conservative
net wage-based valuation of restored working time. This valu-
ation uses average net earnings and the assumed reduction in
working sick-leave days under Al-supported healthcare improve-
ments. It should be interpreted as a conservative wage-based
representation of recovered working time, not as a full gross
value-added estimate. Second, we estimate a separate household-
consumption channel. Because workers on sick leave continue to
receive partial income replacement, only the unreplaced share of
restored earnings is treated as additional disposable household
income. This amount may support additional consumption, but
it is not added to the direct productivity valuations in order to
avoid double counting.

The analysis distinguishes quantities calculated in the present
study from benchmark valuations adopted from prior work. The
present-study calculations comprise: (i) the wage-based valua-
tion of restored working time, denoted by W; (ii) the induced
household-consumption channel, denoted by C;,4; and (iii) an
alternative national-accounts sensitivity valuation based on GDP
per employed person-day, denoted by Vgpp/day () and introduced
in the robustness analysis. These quantities are alternative eco-
nomic representations of recovered working days and are not
additive.

For comparison with prior Slovenian estimates, we denote the
pessimistic and optimistic productivity benchmarks reported
by Smodis et al. [20] as Vg = 17,692,124 EUR and Vyp =
321,996, 664 EUR, respectively. Throughout this paper, the sym-
bols Vi and Viyp refer exclusively to these external benchmark
valuations. They are not functions of the reduction parameter r
used in the present study and should not be interpreted as the
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Table 1: Baseline variables and benchmark valuations used
in the analysis (Slovenia, 2024)

Label Value Comment

D1 19,477,932 Calendar sick-leave days

Ne 1,104,000 Total employment, national accounts

Wnet EUR 1,526.02 Average monthly net earnings

Wgross EUR 2,394.92 Average monthly gross earnings

deal 20.51 days Average calendar sick-leave days per employee

Prep 0.80 Assumed average replacement rate

cp 0.867 Household consumption share of disposable in-
come

Y EUR 67.418 bn Gross domestic product

r 0.05 Assumed reduction in working sick-leave days

D,y 16,844,940 Lost working days

VLB EUR 17,692,124 Pessimistic productivity valuation reported by
Smodis et al. [20] for their pessimistic scenario;
used as an external benchmark and not derived
from the present study’s r scenarios.

VuB EUR 321,996,664 Optimistic productivity valuation reported by

Smodi§ et al. [20] for their optimistic uptake
scenario; used as an external benchmark and
not derived from the present study’s 7 scenarios.

Note: D1 and d. ;] are NIJZ calendar-day indicators. D,y is the separate ZZZS working-
day measure used directly in the wage-based and household-consumption calculations.
Ne is the SURS annual average total employment used only in the GDP/day sensitivity
valuation; it is not the denominator behind d.4;. V1 g and Vi g are external pessimistic
and optimistic productivity benchmarks adopted from Smodis et al. [20]. They correspond
to the pessimistic and optimistic scenarios defined in that study and are not calculated
from the 2%, 5%, or 10% reduction scenarios used in the present sensitivity analysis. All
alternative valuations are reported separately and are not additive.

lower and upper endpoints of the present study’s 2%, 5%, and
10% sensitivity scenarios.

The purpose of this framework is therefore not to construct
a single aggregate benefit estimate, but to report distinct and
interpretable valuations of the economic implications of reduced
sickness absence while avoiding double counting.

Reduced sickness absence can affect national economic perfor-
mance through both supply-side and demand-side mechanisms.
On the supply side, fewer lost working days increase effective
labour input. On the demand side, the unreplaced share of re-
stored earnings can increase disposable household resources and
thereby support household consumption. Potential fiscal effects,
healthcare-budget effects, and general equilibrium adjustments
remain outside the present accounting. The estimates should
therefore be read as partial-equilibrium scenario calculations
rather than as full economy-wide impact estimates.

Table 1 summarizes the key statistical inputs for Slovenia in
2024 using data from the National Institute of Public Health
(NIJZ), the Health Insurance Institute of Slovenia (ZZZS), and the
Statistical Office of the Republic of Slovenia (SURS) [15, 10, 21, 23,
22]. Several variables require clarification because official sources
use different absenteeism measures. The variable d,,; denotes the
NIJZ calendar-day indicator of sickness absence per employee
and equals 20.51 in 2024 [15]. By contrast, D,, denotes the ZZZS
working-day series, which records 16,844,940 lost working days
in 2024 [10]. Because calendar-day and working-day absenteeism
are based on different measurement conventions, they are not
treated as interchangeable. The working-day measure D,, is used
directly in the wage-based and household-consumption calcula-
tions.

The replacement-rate parameter Prep represents a central sim-
plifying assumption for income replacement during sick leave.
Under Slovenian rules, compensation depends on the reason and
duration of absence, and ordinary illness and injury cases are
generally covered by the employer for the first 30 working days
before compulsory health insurance takes over [9]. The value
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Figure 1: Average absenteeism in days per age group in
2024 [14]

Prep = 0.80 is therefore not interpreted as a universal legal con-
stant, but as a central modelling assumption for the disposable-
income channel. This distinction is important because a reduction
in sick leave does not convert the full restored wage amount into
new disposable household income. Only the unreplaced share,
given by (1 — pyep), can be treated as incremental household
resources available for additional consumption.

The parameter cj, denotes the household consumption share of
disposable income, derived from SURS household-sector data. It
is used to approximate the part of incremental disposable income
that is likely to translate into household consumption. Finally,
r denotes the assumed proportional reduction in working sick-
leave days. In the baseline calculation, we use r = 0.05, corre-
sponding to a 5 percent reduction. This should be interpreted
as a conditional scenario parameter for Al-supported healthcare
improvements, such as better triage, diagnostic support, admin-
istrative automation, and improved patient routing, rather than
as a measured causal effect.

The average net hourly wage is calculated as:

Wnet
Teoh 1

where 160 hours approximates a standard monthly working-
time denominator. The induced household-consumption channel
is then estimated as:

wp =

Cind = Daw X8 X Wy X7 X (1= prep) X cp (2)
The wage-based valuation of restored working time is:
W =D,y X8XwpXr 3)

Equation 2 estimates the separate household-consumption
channel arising from the unreplaced share of recovered earnings.
Equation 3 gives the wage-based valuation of restored work-
ing time. Neither quantity is added to the external productivity
benchmarks Vi g and Vi reported by Smodis et al. [20].
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3.2 Scope and interpretation of the AI-enabled
mechanism

This study does not evaluate a specific AI model or clinical AI
system. Instead, it provides a scenario-based health-economic as-
sessment of one plausible Al-enabled pathway in healthcare: the
reduction of sickness-related work absence through improved
triage, diagnostic support, administrative automation, patient
routing, and continuity of care. The assumed reduction in work-
ing sick-leave days should therefore be interpreted as a condi-
tional modelling parameter, not as a measured causal effect of Al
adoption.

The estimates reported in this paper quantify the economic
order of magnitude that could arise if Al-supported healthcare
improvements translated into measurable reductions in sickness
absence. Empirical validation would require future pilot deploy-
ments or pre/post implementation studies linking concrete Al
use cases to intermediate healthcare KPIs such as waiting times,
diagnostic delay, triage throughput, administrative workload,
episode duration, and return-to-work patterns.

4 BI Methodology, Evaluation Design and
Robustness Checks

To strengthen the Business Intelligence (BI) contribution and im-
prove replicability, we define the BI component as an integrated
measurement and evaluation methodology rather than only as a
KPI dashboard. The framework comprises four connected com-
ponents: (i) a layered data architecture linking healthcare opera-
tions, Al-system utilisation, sickness-absence outcomes, and eco-
nomic data; (ii) a data-linkage and KPI layer supporting repeated
provider-level measurement; (iii) an evaluation and attribution
design for distinguishing changes associated with Al deployment
from underlying temporal and organisational variation; and (iv)
scenario and sensitivity analyses translating attributable changes
in sickness absence into alternative economic valuations.

4.1 BI data architecture and data linkage

The proposed Business Intelligence framework is designed as
a layered architecture connecting healthcare operations with
sickness-absence outcomes and macroeconomic valuation. The
purpose of the architecture is to establish a traceable analytical
chain from Al use in healthcare processes to observable opera-
tional outcomes, subsequent changes in sickness absence, and
finally their economic valuation. The BI component should there-
fore not be interpreted merely as a reporting dashboard, but as a
data-integration and evaluation framework supporting repeated
measurement of Al-enabled healthcare effects.

The first layer consists of operational healthcare and Al-use
data. At provider level, this layer may contain process indicators
such as appointment and triage timestamps, waiting times, pa-
tient throughput, administrative workload, diagnostic or referral
delays, and other routinely recorded healthcare-process variables.
Where Al-supported systems are deployed, system logs should
additionally record measures of Al exposure and utilisation, such
as the number of Al-assisted triage interactions, documentation-
support events, decision-support requests, or the proportion of
relevant workflows in which the Al system was used. These vari-
ables provide an observable measure of intervention intensity
rather than treating Al adoption as a simple binary condition.

The second layer contains health and labour-outcome data,
with particular emphasis on sickness absence. Relevant variables
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include the number of sickness-absence episodes, working sick-
leave days, episode duration, return-to-work timing, and, where
available, the distribution of short- and long-duration absence.
For the national scenario calculations presented in this paper, ag-
gregate working sick-leave data are obtained from ZZZS and NIJZ.
For evaluation of an actual Al deployment, the same conceptual
framework should be implemented at a finer temporal and organ-
isational level, such as provider-month or provider-quarter obser-
vations. Where legally and technically feasible, pseudonymised
episode-level linkage could provide a more detailed assessment
while avoiding the use of directly identifiable personal informa-
tion.

The third layer is the economic valuation layer. It combines
sickness-absence outcomes with labour-market and national-
accounts indicators obtained from SURS, including employment,
wages, GDP, and household-sector variables. Changes in recov-
ered working days can then be translated into the alternative
economic valuations defined in this study.

In practical BI implementation, the data sources would be
harmonised through common dimensions such as time period,
healthcare provider, organisational unit, and intervention status.
A provider-by-period analytical table would allow healthcare-
process indicators, Al-use intensity, and sickness-absence out-
comes to be compared consistently over time. National wage, em-
ployment, consumption, and GDP variables would subsequently
be joined at the corresponding temporal level for economic val-
uation. This design separates operational measurement from
macroeconomic valuation while maintaining a reproducible data
lineage from source data to the final indicators.

4.2 Evaluation and attribution design

The BI architecture is intended not only to describe outcomes
after Al implementation but also to support empirical evalua-
tion of whether observed changes are associated with AI expo-
sure. For an actual deployment, the preferred analytical grain
is a provider-by-period panel, for example provider-month or
provider-quarter observations. Each observation would combine
healthcare-process indicators, Al-use intensity, sickness-absence
outcomes, and relevant organisational covariates for the same
provider and time period. Where legally and technically feasible,
pseudonymised episode-level linkage could additionally be used
to analyse episode duration and return-to-work outcomes while
avoiding the use of directly identifiable information.

Al exposure should be measured from system logs rather than
represented only by a binary implementation indicator. Depend-
ing on the application, exposure measures may include the share
of eligible encounters supported by Al the number of Al-assisted
triage interactions, documentation-support utilisation, decision-
support requests, or another workflow-specific utilisation mea-
sure. These variables provide the intervention measure that links
the operational data layer to the evaluation model.

For deployments in which Al utilisation varies substantially
after implementation, the binary treatment interaction can be
supplemented or replaced by a continuous Al-exposure measure.
This allows the BI framework to test whether greater utilisation
is associated with larger changes in process or sickness-absence
outcomes. Pre-intervention trends should be inspected to assess
the plausibility of the parallel-trends assumption, and robustness
checks should include alternative baseline periods, alternative
outcome definitions, and, where sample size permits, event-time
estimates around implementation.
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If no suitable comparison provider or unit is available, an
interrupted time-series design can be used as a secondary eval-
uation strategy by comparing post-implementation changes in
outcome level and trend with the established pre-implementation
trajectory. Because such a design provides weaker control for
simultaneous external changes, results from this specification
should be interpreted more cautiously than estimates obtained
from a credible comparison-group design.

The attribution chain is therefore specified explicitly as Al
exposure — healthcare-process change — sickness-absence out-
come — economic valuation. Process indicators such as waiting
time, triage throughput, diagnostic delay, and administrative
workload represent intermediate outcomes. Working sick-leave
days, episode duration, and return-to-work timing represent
downstream labour outcomes. Only the estimated change in
sickness absence associated with the evaluated intervention is
subsequently passed to the economic valuation layer. The valua-
tion equations therefore translate an estimated change in recov-
ered working days into economic terms; they do not themselves
establish that Al caused the underlying reduction.

This separation between measurement, attribution, and valu-
ation provides a reproducible data lineage. Operational and Al-
system logs establish intervention exposure, linked healthcare
and absence data provide evaluation outcomes, the attribution
model estimates the intervention-associated change, and SURS
labour-market and national-accounts variables are subsequently
applied to value that change economically.

4.3 BI measurement design: data sources and
KPI layer

Our estimate links healthcare-side efficiency gains to separate
macroeconomic valuations benchmarked against aggregate na-
tional indicators. To make this link auditable and decision-relevant,
we propose a BI measurement layer that connects (a) operational
healthcare process data, (b) absence and labour-market indicators,
and (c) national accounts data.

Data sources - the core data sources are: (1) national ab-
senteeism statistics (NIJZ/ZZZS), (2) labour-market and wage
aggregates (SURS), and (3) healthcare process indicators where
available (e.g., administrative workload proxies, waiting-time
indicators, and throughput measures at provider level). For Al
deployment monitoring, system logs can provide usage intensity
measures (number of triage interactions, documentation automa-
tion rate, clinical decision-support utilisation), which provide the
Al-exposure variables used in the attribution design described
above.

KPI set - we define a minimal KPI set for evaluating Al adop-
tion in healthcare from a BI perspective: (a) total sick-leave days
and working sick-leave days (level and trend), (b) average du-
ration per episode and distributional tail risk (long absences),
(c) cost proxies (employer burden vs social insurance burden),
(d) process KPIs (administrative time share, triage throughput,
appointment lead times), () macro link KPIs (GDP per employed
person-day; wage aggregates; consumption share). This KPI layer
allows quarterly monitoring and supports pre/post comparisons
against a defined baseline window.

4.4 Scenario and sensitivity analysis
(robustness)

Because the result depends on behavioural and organisational
adoption, we report a sensitivity range rather than a single point
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estimate. Let D,, be the estimated annual number of working sick-
leave days in Slovenia and r the proportional reduction achievable
under Al-supported interventions. The recovered working days
arer - D,,.

A key modelling choice is the economic value assigned to each
recovered working day. To show the sensitivity of the results
to this choice, we report two alternative valuation approaches
rather than interpreting them as components of a single total:

(i) Wage-based valuation: the value of a recovered working
day is approximated using average net earnings.

(ii) GDP-per-employed-person-day sensitivity valuation:
the value of a recovered working day is approximated by GDP
per employed person-day, calculated as Y/ (N, X220), where Y de-
notes annual GDP, N, denotes annual average total employment,
and 220 is the assumed number of working days per employed
person per year.

The corresponding scenario valuations are:

w
Vwage(r) =Dyr (%;t X 8) (4)
Vi (r)y =Dyr Y (5)
GDP/day = UVw N, x 220 -

Equations 4 and 5 apply the same assumed reduction in work-
ing sick-leave days but assign different economic values to each
recovered day. They should therefore be interpreted as alterna-
tive valuations of the same underlying quantity of recovered
working time, not as additive effects.

Table 2 reports the implied valuation range under three il-
lustrative reductions in working sick-leave days (2%, 5%, 10%).
These estimates quantify the sensitivity of the macroeconomic
valuation to the assumed intervention strength and valuation
method.

Table 2 also reconciles the principal monetary estimates re-
ported in the paper. The EUR 64.3 million and EUR 233.8 million
estimates both correspond to the present study’s central 5% reduc-
tion scenario, but they use different valuation methods: average
net earnings and GDP per employed person-day, respectively.
The EUR 467.6 million estimate applies the GDP-per-employed-
person-day method to the larger 10% reduction scenario. By
contrast, the EUR 322.0 million estimate is Visp, the external op-
timistic productivity benchmark reported by Smodis et al. [20];
it is based on the scenario assumptions of that study and is not
generated by the 5% or 10% reduction scenarios used here. Con-
sequently, these values represent alternative scenario valuations
or external benchmarks and should neither be summed nor in-
terpreted as successive components of a single benefit estimate.

Interpretation - the table provides a robustness range for
the direct valuation component. Additional healthcare-system
savings should be reported separately and carefully checked for
overlap to avoid double counting. A full economy-wide analysis
(e.g., CGE) can further refine these ranges by modelling leak-
ages, imports, substitution effects, and general equilibrium price
adjustments.

5 Results

Applying Equation 3 to the ZZZS working-day baseline D,, under
the central assumption of a 5% reduction in working sick-leave
days yields a wage-based valuation of restored working time of
Ws = 64.26 million EUR per year. This estimate values recov-
ered working time using average net earnings and should not be
interpreted as a complete measure of gross value added.
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Table 2: Comparison of present-study valuations and external productivity benchmarks for reduced working sick-leave
days. Estimates are alternative, scenario-specific, and non-additive.

Source Scenario r  Estimate Valuation method Interpretation
(EUR m.)

This study Conservative 2% 25.7 Wage-based Lower-bound valuation of restored working time using
average net earnings.

This study Central 5% 64.3 Wage-based Central wage-based valuation of restored working time.

This study Optimistic 10% 128.5 Wage-based Wage-based valuation under the largest assumed reduction
in working sick-leave days.

This study Conservative 2% 93.5 GDP per employed person-day National-accounts sensitivity valuation of recovered work-
ing days.

This study Central 5% 233.8  GDP per employed person-day Central national-accounts sensitivity valuation of recovered
working days.

This study Optimistic 10% 467.6  GDP per employed person-day Upper end of the GDP/day sensitivity range under a 10%
reduction in working sick-leave days.

Smodis et al. [20] Pessimistic - 17.7  Prior-study productivity valuation (V7 g) Pessimistic benchmark reported by Smodis et al.; not de-
rived from the present study’s r scenarios.

Smodis et al. [20] Optimistic uptake - 322.0 Prior-study productivity ~valuation Optimistic benchmark reported by Smodis et al.; shown for

VuB) comparison and not added to the valuations above.

Note: The estimates are alternative, non-additive valuations and should not be summed. The wage-based and GDP-per-employed-person-day estimates are calculated in the present study using the
common 2024 baseline and illustrative reductions in working sick-leave days of 2%, 5%, and 10%. The VI g and Vs g estimates are taken from Smodis et al. [20] and follow the scenarios defined in
that study; consequently, they are not directly equivalent to the r scenarios used in the present sensitivity analysis.

The same central scenario produces an induced household-
consumption estimate of Cj,4 = 11.14 million EUR per year
using Equation 2. This amount represents only the consump-
tion potentially supported by the unreplaced share of restored
earnings under the assumed income-replacement and household-
consumption parameters. It is therefore reported as a separate
demand-side transmission channel and is not added to the wage-
based valuation.

The robustness analysis provides an alternative national-accounts
valuation of the same recovered working days. As shown in Ta-
ble 2, the 5% central scenario produces a GDP-per-employed-
person-day sensitivity valuation of 233.8 million EUR, compared
with the wage-based valuation of 64.3 million EUR. Under the
10% reduction scenario, the corresponding GDP-per-employed-
person-day valuation rises to 467.6 million EUR. These differences
arise from the valuation method and assumed reduction in work-
ing sick-leave days; they do not represent separate benefits that
can be accumulated.

For external comparison, Smodis et al. [20] report a pessimistic
productivity benchmark of Vz g = 17.69 million EUR and an op-
timistic productivity benchmark of Viyg = 321.997 million EUR.
These benchmarks follow the scenarios and valuation assump-
tions of that study and are not functions of the 2%, 5%, or 10%
reduction parameter r used in the present analysis. In particular,
Vus should be interpreted as an external optimistic benchmark
rather than as the overall upper endpoint of the present study’s
sensitivity range.

Relative to Slovenia’s 2024 GDP of 67.418 billion EUR, the
external Smodi$ optimistic benchmark Vi corresponds to ap-
proximately 0.478% of GDP. This ratio is reported only to express
the magnitude of that benchmark relative to national output; it
does not imply a mechanically equivalent increase in measured
GDP.

Taken together, the results should therefore be interpreted
as conditional and non-additive scenario outputs. The wage-
based valuation, the GDP-per-employed-person-day sensitivity
valuation, the external Smodis$ benchmarks, and the household-
consumption channel provide different perspectives on the eco-
nomic significance of reduced sickness absence. They should not
be summed into a single estimate without a broader economy-
wide model capable of explicitly representing interactions and
potential double counting.

14

6 Future work

What we have calculated in this study is a preliminary, static
quantified assessment, based on available data and simplified
assumptions about labour productivity and consumption effects.
Such calculations, while informative, are necessarily sensitive to
underlying economic and clinical conditions specific to a coun-
try and may not capture the full general equilibrium effects of
systemic changes such as the introduction of Al in healthcare.

A more comprehensive and robust analysis would be to em-
ploy an economic simulation framework capable of capturing the
interdependencies between sectors, agents, and factor markets.
One of the most widely used methodologies for such purposes is
the Computable General Equilibrium (CGE) model, which com-
bines economic theory with detailed data to estimate how an
entire economy responds to exogenous shocks or policy changes
[2, 1]. CGE models are grounded in the principles of general equi-
librium theory and consist of a system of equations that describe
the behaviour of economic agents—such as households, firms,
government, and the rest of the world—under the assumption
of optimizing behaviour and market clearing. They allow the
simulation of how changes in one part of the economy propa-
gate through prices, production, consumption, trade, and factor
allocation to yield a new equilibrium after a shock is introduced
[2,1].

In the context of our research, a CGE model would enable an
integrated assessment of the economy-wide effects of introducing
Al in healthcare, including both direct and indirect channels. For
example, beyond the direct productivity gains from reduced sick
leave, such a model could trace how increased labour supply,
changes in household consumption, shifts in healthcare demand
and supply, and resulting price adjustments affect other sectors,
government revenues, household welfare, and macro variables
such as total output and employment. CGE models have been
successfully applied to diverse economic questions—including tax
policy analysis in Slovenia and Slovakia, and investment impact
studies—demonstrating their versatility in capturing complex
economy-wide interactions [12, 19].

To operationalize a CGE approach, modern computational
tools such as GAMS (General Algebraic Modeling System) can be
coupled with Python via APIs to facilitate both model specifica-
tion and simulation execution [6, 24]. GAMS provides a high-level
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modeling environment tailored for solving large systems of non-
linear equations and is widely used for formulating and solving
CGE models, often with extensions such as the MPSGE library
to more directly represent general equilibrium systems. Recent
developments, such as GAMSPy, further enable integration with
Python for data management, calibration, and post-processing
[17], thereby enhancing reproducibility and accessibility for eco-
nomic researchers.

Future work will involve constructing and calibrating a CGE
model for Slovenia that includes health and labour market mod-
ules, permitting rigorous scenario analysis of Al adoption in
healthcare. Such an extension would provide a more nuanced
and policy-relevant simulation of how technological changes
affect the broader economy, including sectoral reallocation, price
adjustments, and welfare impacts, offering decision-makers evi-
dence that goes beyond partial equilibrium or static calculations.

Before a full CGE extension, future work should empirically
validate the healthcare-side mechanism by connecting specific
Al interventions, such as Al-supported triage or documentation
support, to observed changes in waiting times, diagnostic delay,
sick-leave duration, and return-to-work outcomes.

7 Discussion and Conclusion
7.1 Discussion

The key contribution of this study lies not in identifying new
healthcare cost savings, but in showing how Al-enabled improve-
ments in healthcare performance can propagate through labour
supply and consumption channels and be expressed as sepa-
rate macroeconomic valuations. By extending absenteeism-based
productivity analyses with a demand-side component and bench-
marking the results against GDP, the paper provides a policy-
relevant perspective that complements health-system-focused
evaluations. From a macroeconomic standpoint, healthcare dig-
italization may therefore function as a productivity-enhancing
investment rather than solely as a cost-containment measure.

Importantly, the estimated effect does not rely on radical
system-wide transformation. Instead, it arises from relatively
small but plausible reductions in lost workdays and administra-
tive inefficiencies, consistent with incremental deployment of
Al-based decision support tools. Such tools, typically LLM-based,
can alleviate cognitive and administrative overload among medi-
cal staff, enabling clinicians to focus more effectively on core clin-
ical tasks and patient interaction. From the patient perspective,
Al-assisted systems can enhance accessibility, responsiveness,
and continuity of care, particularly in routine and triage-related
interactions. Partial adoption could therefore already generate
non-negligible economic benefits while improving working con-
ditions and patient experience, strengthening the case for gradual
and targeted investment in Al-enabled healthcare solutions.

The analysis is subject to several limitations. First, it relies
on a static, partial-equilibrium framework and does not capture
general equilibrium effects, sectoral reallocation, or price adjust-
ments in a fully dynamic economy. Second, the assumed reduc-
tions in sickness absence are based on prior empirical estimates
and illustrative scenarios; actual outcomes would depend on clin-
ical adoption, organizational change, and behavioral responses.
Third, productivity and consumption effects are reported sep-
arately; combining them into a single total without a broader
macroeconomic model could overstate impacts.

In addition, Al in healthcare raises important regulatory and
ethical considerations. Within the European Union, deployment
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is governed by a stringent regulatory environment combining
the Artificial Intelligence Act (AI Act) and the General Data Pro-
tection Regulation (GDPR). High-risk Al systems are subject to
conformity assessments, transparency requirements, and ongo-
ing oversight, which may increase implementation costs and
slow adoption. Data protection constraints, legal uncertainty
regarding secondary use of health data, and governance require-
ments must therefore be considered alongside potential economic
benefits.

To mitigate these risks, healthcare Al systems may be designed
to minimize regulatory exposure by avoiding persistent storage
of personal health data and relying on non-retentive interac-
tions with external Al services. While such design choices may
limit functionality, they illustrate how economic benefits from
AT adoption could be pursued alongside regulatory compliance
and risk reduction.

7.2 Conclusion

This paper estimates the potential macroeconomic significance
of Al-enabled reductions in sickness absence in Slovenian health-
care by translating recovered working time into several explicitly
separated economic valuations. Under the central 5% reduction
scenario, the analysis yields a wage-based valuation of approx-
imately 64.3 million EUR and a separate induced household-
consumption channel of approximately 11.1 million EUR. Ap-
plying the alternative GDP-per-employed-person-day valuation
to the same 5% scenario yields approximately 233.8 million EUR,
while the corresponding 10% sensitivity scenario yields approxi-
mately 467.6 million EUR. For comparison, the pessimistic and
optimistic productivity benchmarks reported by Smodis et al. [20]
are approximately 17.7 million EUR and 322.0 million EUR, re-
spectively; these external benchmarks follow different scenario
assumptions and are not derived from the present study’s reduc-
tion parameter. All reported values are therefore conditional and
non-additive. The analysis demonstrates the possible economic
order of magnitude of reduced sickness absence while provid-
ing a BI framework through which future AI deployments could
link observed system utilisation, healthcare-process changes,
sickness-absence outcomes, and economic valuation.
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Abstract / Povzetek

Deep-learning systems match dermatologists at classifying
dermoscopic images, yet remain largely absent from routine
melanoma care. Two coupled obstacles explain the gap:
algorithmic bias, because public training archives under-
represent Fitzpatrick skin types (FST) V-VI, and the “black-box”
problem, because opaque probability scores give clinicians no
verifiable rationale. Prospective evidence on whether
explainable AI (XAI) improves clinical decisions equitably
across phototypes is lacking. This paper is a study protocol: we
present the design of a prospective two-phase multi-reader
multi-case (MRMC) study in which 40 dermatologists diagnose
120 histopathology-verified images—balanced by malignancy
and skin type—first unaided, then randomized to a black-box
probability score (Arm A) or the same score plus a saliency
heatmap and plausibility check (Arm B). We specify the model,
instrument, and analysis: AAUC via the Obuchowski-Rockette
method from ordinal confidence ratings, an appropriate-
reliance analysis distinguishing calibrated from indiscriminate
trust, subgroup sensitivity, and expertise as a moderator. No
data have yet been collected.

Keywords / Klju¢ne besede

Melanoma, Artificial Intelligence, Explainable AlI, Algorithmic
Bias, Dermoscopy, Skin of Color

1 Introduction

Melanoma causes most skin-cancer deaths, and prognosis
depends heavily on early detection [1]. Diagnosis rests on visual
inspection and dermoscopy, whose accuracy varies
substantially with clinician experience [2]. Deep convolutional
neural networks (CNNs) have matched or exceeded board-
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certified dermatologists at classifying dermoscopic images [3,
4], yet Al has not become a routine “second reader.”

Two interrelated problems account for this stagnation. First,
algorithmic bias: models are overwhelmingly trained on fair-
skinned populations (Fitzpatrick skin types I-IV; FST), and
audits of archives such as ISIC document severe under-
representation of FST V-VI [5, 6, 7], which translates into
measurably lower accuracy for patients of color [8]. Second, the
“black-box” problem: accountable clinicians are reluctant to act
on a bare probability score [9], and opaque models can latch
onto confounders—surgical ink, rulers, or skin tone—rather
than genuine pathology [10].

Explainable AI (XAI), typically delivered as saliency
heatmaps, is widely proposed as the bridge to clinical trust [9],
yet bias and explainability have been studied largely in
isolation, and prospective evidence on how XAI shapes clinical
decisions is scarce [11]; whether a heatmap improves judgment
specifically on FST V-VI lesions, where models underperform,
is unknown. We therefore present the design of a prospective
reader study asking whether XAI support improves
dermatologists’ diagnostic accuracy, appropriately calibrated
reliance, and confidence across skin types, compared with a
black-box aid or no aid.

2 Related Work

Research on Al for skin-lesion classification has moved through
three phases. Around 2017-2019, CNNs reached expert-level
performance, largely in silico [3, 4]. Scrutiny then turned to the
data: Adamson and Smith warned that machine learning could
entrench dermatologic health-care disparities [5]; analyses of
ISIC and the Fitzpatrick 17k set confirmed under-representation
of FST V-VI [6, 7]; a systematic audit showed a substantial
accuracy drop on darker skin [8]; and Winkler et al. showed
that surgical skin markings can spuriously raise a CNN’s
melanoma score [10].

The current phase asks how Al should support clinicians.
Tschandl et al. found that collaboration improves accuracy but
can mislead less-experienced readers when the Al errs [12], and
Gaube et al. showed clinicians are susceptible to incorrect
advice from decision aids [13]. Chanda et al. recently
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that domain-specific, ~ dermatologist-like
explanations increase clinicians’ trust, confidence, and accuracy
in melanoma diagnosis [14], though without stratifying effects
by phototype, while a cautionary line of work argues that

demonstrated

current explanations offer “false hope,” indicating where but
not why [15]. Whether XAI can offset bias at the point of care—
improving judgment more on FST V-VI lesions than on lighter
skin—remains untested; this study targets that intersection.

3 Study Design and Methods

3.1 Design and hypotheses

We adopt a multi-reader multi-case (MRMC) protocol, the
standard for evaluating diagnostic imaging technologies [16], as
a prospective two-phase paired comparison with parallel aided
arms: each reader diagnoses the same cases first unaided and
then Al-aided, so the “Al effect” is estimated within readers [11,
12] (Figure 1). The study tests four hypotheses: H1 (Accuracy).
XAl-aided reading yields higher AUC than black-box-aided or
unaided reading; the gain is larger for challenging cases and FST
V-VI lesions (H1.1). Challenging cases are defined a priori as
cases misdiagnosed by at least 50% of readers in the unaided
phase; this operational definition will be fixed in the pre-
registered protocol before any Phase 2 data are analyzed. H2
(Bias). The standalone model shows lower sensitivity on FST V-
VI than on I-IV. H3 (Trust and appropriate reliance). Readers
rely on XAI output more appropriately—accepting more correct
and rejecting more incorrect Al advice—and report higher trust
and confidence; H3 concerns calibration of reliance, not its
maximization. H4 (Usefulness). Perceived usefulness is higher
with XAI than with standard output.

The single confirmatory contrast is the within-reader
difference between aided and unaided AUC, pooled across both
arms (H1), tested at two-sided o = 0.05. All other comparisons—
including the between-arm XAI vs. black-box contrast, H1.1,
H2-H4, and all subgroup and interaction analyses—are
exploratory and are reported as effect sizes with confidence
intervals.

3.2 Readers

Readers are board-certified dermatologists and final-year
residents who routinely use dermoscopy; readers with color-
vision deficiency are excluded. The cohort is stratified by
experience because automation bias is more pronounced among
novices [12, 13]; recruitment is by convenience sampling.
Sample size is driven by the primary within-reader contrast of
aided vs. unaided AUC (H1). Assuming an unaided AUC of 0.80,
a target difference of 0.05, 120 cases, and variance components
typical of dermoscopic MRMC studies (reader variance 6°R »
0.0011, reader-by-modality variance o’RM = 0.0006), the
Obuchowski-Rockette framework indicates that about 20
readers per arm yield = 80% power at two-sided o = 0.05, hence
n = 40 [16]. These assumptions will be fixed in the pre-registered
protocol. Because allocation to arms is between subjects, the
black-box vs. XAI comparison is powered only for larger effects;
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subgroup (FST, case difficulty) and expertise-interaction
analyses are secondary and exploratory, reported as effect sizes
with confidence intervals.

3.3 Cases

The test set comprises 120 dermoscopic images curated from
anonymized sources such as the ISIC archive and verified
institutional databases [7], balanced 60 malignant (melanoma)
to 60 benign and 60 FST I-IV to 60 FST V-VI (30 images per
malignancy x skin-type cell). Histopathology is the reference
standard for all malignant and ambiguous cases; benign lesions
without biopsy are accepted only with documented clinical and
dermoscopic stability over at least 12 months of follow-up, so
that label noise on benign cases does not distort AUC or
specificity.

Because archive metadata are unreliable for skin type, the
Fitzpatrick type of every test image is assigned by three board-
certified dermatologists rating independently = under
standardized viewing conditions; disagreements are resolved by
majority, inter-rater agreement is reported with quadratically
weighted k, and images without at least two concordant ratings
are excluded. The individual typology angle (ITA), computed
from lesion-free skin regions, is reported as a secondary,
objective check on the categorical labels. The same labeling
procedure is applied to the institutional training images
described in Section 3.4.

3.4 Al model and explanation method

Both arms use the same CNN: an EfficientNet-B4 backbone pre-
trained on ImageNet and fine-tuned for binary malignancy
classification on ISIC images supplemented with verified
institutional FST V-VI images from collaborating dermatology
departments [6, 7]. The participating institutions, image counts
per source, verification procedures (histopathology and
recorded skin type), and the training set’s full FST composition
will be listed in the pre-registered protocol. Probabilities are
calibrated by temperature scaling on a held-out split, with
reliability curves and Brier score reported so that the displayed
“risk %” is interpretable. The model is frozen before the first
reader session; its standalone AUC, sensitivity, and specificity
on the test set are computed separately for FST I-IV and V-VI
(required for H2). Arm B explanations are gradient-weighted
class activation maps (Grad-CAM) on the final convolutional
block, rendered as a semi-transparent overlay [9]. To exclude
training/test contamination, test images are withheld at the
patient level—every image sharing a patient or lesion identifier
with a test case is removed from training and validation—and
near-duplicate detection (perceptual hashing plus embedding-
based similarity) is applied across sources [7].

3.5 Platform, conditions, and ethics

Reading is performed on a secure web platform. In Phase 1
readers diagnose all 120 images unaided. After a washout of at
least two weeks, Phase 2 re-presents the images in a new
random order with Al support; readers are randomized to Arm
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A (malignancy probability only, e.g., “risk 85%”) or Arm B
(probability plus the Grad-CAM heatmap) [9]. Allocation is
between subjects—1:1, stratified by expertise—so each reader
experiences exactly one AI condition and never crosses
between arms (Figure 1). In addition, a random subset of 20
images is re-read unaided at the start of Phase 2 by every reader,
providing an internal within-reader estimate of practice effects
against which the aided-unaided differences can be
benchmarked. To guard against “right for the wrong reason”
failures [10], Arm B readers also rate each heatmap’s clinical
plausibility—whether it highlights established dermoscopic
criteria or confounders; correlating plausibility with trust
probes the mechanism of Al-influenced judgment [11].

The full protocol, including all hypotheses, definitions, and
analysis code stubs, will be pre-registered on the Open Science
Framework (OSF) before reader recruitment begins. The study
will be submitted for approval to the competent institutional
ethics committee; all readers will provide written informed
consent, and all images are anonymized and used in accordance
with their respective licenses and data-use agreements.

Phase 1 — Unaided (all 40 readers)

120 dermoscopic images
(60 melanoma / 60 benign;
60 FST I-IV / 60 FST V-VI)

l washout = 2 weeks

etween subjects, stratified by expertise

/ N

Phase 2 — Arm A Phase 2 — Arm B
(n = 20) (n = 20)

L Randomization 1:1

black-box aid:
malignancy
probability only

XAI aid: probability
+ Grad-CAM heatmap
+ plausibility rating

sarphe 120 images, new random order;

no crossover between arms
v v
Outcomes

AAUC (aided vs. unaided, per arm);
sensitivity gap across FST; appropriate reliance
(accepting correct / rejecting incorrect advice);

trust and perceived usefulness

Figure 1: Study workflow. All readers complete the
unaided phase; after washout they are randomized 1:1
(stratified by expertise) to exactly one Al-aided arm—no
reader sees both AI conditions. A 20-image unaided
subset is repeated in Phase 2 to estimate practice effects.

3.6 Instrument

For every case a standardized digital form captures constructs
from signal detection theory and the Technology Acceptance
Model [16, 17]: a binary malignancy decision, diagnostic
confidence (1-10), and a management choice (dismiss / follow-
up / biopsy). The confidence rating doubles as the ordinal score
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from which reader-level ROC curves are constructed (see
Analysis). Phase 2 additionally records perceived usefulness
and trust on 5-point Likert scales adapted from Davis [17] and
logs the AI output shown, so every aided decision can be
classified as accepting or overriding correct or incorrect advice.
Readers are not shown clinical metadata (age, sex, lesion site),
have no per-case time limit, and receive a fixed honorarium;
these conditions will be stated in the pre-registered protocol.

3.7 Analysis

Analyses will be performed in R or Python. The primary
endpoint is the area under the ROC curve (AUC). For each
reader and condition, the ROC curve is constructed from the 1—
10 confidence ratings treated as an ordinal rating scale [16]:
sweeping the rating threshold traces the empirical curve
(trapezoidal AUC; binormal fit as a sensitivity analysis), while
the binary decision defines the reader’s operating point,
reported as sensitivity and specificity. Reader-level AUCs are
pooled and the aided-unaided change tested with the
Obuchowski-Rockette model for MRMC data, using its
Dorfman-Berbaum-Metz-equivalent implementation in the
RJafroc package [16]; the repeated unaided subset (Section 3.5)
yields a within-reader estimate of the practice effect that is
subtracted from the aided-unaided difference as a sensitivity
analysis.

H2 compares the standalone model’s sensitivity and
specificity between the skin-type subsets; because these are
disjoint, unpaired tests are used (x? or Fisher’s exact where cell
counts are small), with Newcombe hybrid-score confidence
intervals for the difference. With 30 malignant cases per
subgroup, the minimum detectable sensitivity difference at 80%
power is approximately 0.30, so H2 is reported primarily as an
effect size with confidence interval rather than as a p-value. For
H3 we separate self-reported trust from appropriate reliance:
Phase 1 supplies each reader’s unaided decision on every case,
so each aided decision is classified by whether the reader
followed the AI and whether the Al was correct; appropriate
reliance—the rates of accepting correct and rejecting incorrect
advice—is compared between arms, overall and within FST
subgroups [13]. Trust and usefulness ratings (H3, H4) are
compared with Mann-Whitney U tests, inter-reader agreement
with Fleiss’ «x, and a linear mixed-effects model (expertise
interaction, reader random effects) tests moderation by
experience. Only H1 is confirmatory; all other tests are
descriptive, with Holm-adjusted p-values reported for
transparency.

4 Expected Results and Contribution

We expect to confirm the standalone sensitivity penalty on FST
V-VI (H2) [5, 8]; that XAl-aided reading outperforms black-
box-aided and unaided reading (H1), with the largest gains on
darker skin and difficult cases (H1.1), indicating that XAI can
help mitigate—not merely reveal—bias; and higher perceived
usefulness and trust (H3, H4) [11, 12]. We emphasize that more
trust is not itself the goal: reliance is beneficial only when the
model is right, which on under-represented skin types it often is
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not [13, 15]; the clinically meaningful outcome is appropriate
reliance. The study would complement recent prospective
evidence on XAI in melanoma diagnosis [14] with, to our
knowledge, the first prospective quantification of XAI's effect
across the full Fitzpatrick spectrum; methodologically, it links
signal detection theory with the Technology Acceptance Model;
practically, it would inform guidance on equitable Al use and
clinician training in its critical use [8, 9].

5 Limitations

The study is in silico, excluding patient history and physical
examination, so measured trust may differ from trust under real
liability [11, 12]. The unaided phase always precedes the aided
phase, so aided—unaided differences may partly reflect practice
effects: the washout attenuates case memory and the repeated
20-image unaided subset in Phase 2 provides an internal
estimate of the practice effect, but phase order is not
counterbalanced. The plausibility rating exists only in Arm B, so
heatmap and rating-task effects cannot be fully separated.
Biopsy-verified FST V-VI melanoma images are scarce: the
balanced test set is a target, and if 30 malignant V-VI cases
cannot be sourced, the set will be completed in unbalanced form
with weighted analyses, at some cost to subgroup power [6, 8].
Voluntary participation may over-sample “early adopters” [17];
there is no standard metric of heatmap quality, so plausibility
remains partly subjective [9, 15]; and the protocol measures
immediate effects, not long-term learning or accumulating
automation bias [12, 13].

6 Conclusion

Bias and opacity, not raw accuracy, are the binding constraints
on clinical melanoma AI, and they have mostly been studied
apart. The two-phase MRMC study described here tests them
together, asking whether explainable, skin-type-aware Al can
raise dermatologists’ accuracy, calibrated reliance, and
confidence equitably across phototypes. Data collection is the
next step; we welcome collaboration on reader recruitment and
on assembling biopsy-verified images of skin of color.
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Abstract

Spin in clinical trials includes reporting practices that distort the
presentation of results. This is particularly critical in medicine,
where spin is present in more than 50% of randomized controlled
trials that fail to reach statistical significance. The comparison of
primary and reported outcomes is crucial for detecting several
types of spin, including outcome switching. We used 300 pairs
of outcomes labeled with semantic similarity to develop a sys-
tem for automatic detection of outcome switching. We evaluated
baseline text similarity models and open-source LLMs using gen-
erated similarity scores and the Youden index to determine the
classification threshold. The proposed approach involves prompt
engineering, classification based on token probabilities, and ma-
jority voting for the final decision. The results on the test set
of 2,496 examples with an F; score of 0.78 and an accuracy of
0.90 outperform baseline text similarity models but trail behind
fine-tuned versions of BERT. We used LLMs to generate natural
language explanations for the classified instances and manually
assessed their quality.

Keywords

spin, clinical trials, natural language processing, large language
models, sentence similarity.

1 Introduction

The phenomenon of spin covers several reporting practices that
present study results in a distorted way, usually to the benefit of
the authors. It is a long-known problem, especially in randomized
controlled trials (RCTs), where reporting rules are clearly defined,
yet incorrect reporting still occurs. This leads to redundant or
misdirected follow-up research [4]. Several tools exist to help
authors and readers automatically detect this kind of incorrect
reporting.

Large language models (LLMs) have recently become capable
of solving many natural language processing (NLP) tasks with-
out task-specific training [13]. Existing spin detection tools
rely on dedicated models trained on expensive, manually labeled
data, and to our knowledge none of them make use of LLMs. We
investigate whether LLMs can be used to classify pairs of pri-
mary and reported clinical trial outcomes as similar or different.
This is a core subtask needed for detecting a type of spin called
outcome switching - compromised reporting of primary and
secondary outcomes in the results.

We addressed the following research questions in the context
of detecting outcome switching in RCT reports:
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(1) How successful are LLMs, without additional training, at
classifying pairs of clinical trial outcomes as similar or
different?

(2) How do the results and behavior of different LLMs differ
with respect to generality and comprehension ability?

(3) Can LLMs generate meaningful, human-readable explana-
tions for the already classified examples?

We report the work in six sections. Section 2 outlines the re-
lated work. Section 3 presents the methodology and Section 4
the results. The discussion is contained in Section 5, and the
conclusions follow in Section 6.

2 Related Work

Spin is defined as the distorted presentation of study results,
which misleads readers about how effective a treatment actually
is [3]. It may be intentional or simply a consequence of negli-
gence [1]. In RCTs, the result of interest is referred to as the
outcome of the trial. Since readers often judge a study by its
abstract alone, it is especially prone to spin: manual audits report
spin in 47-71% of clinical trial abstracts that fail to confirm
their hypothesis, depending on the biomedical field [6, 11, 14,
15].

According to Yavchitz et al. [16], spin falls into three main
groups:

e Misleading reporting of results: inconsistent or incom-
plete reporting, such as omitting an outcome that did not
confirm the hypothesis, adding a new outcome that does,
or changing the order of primary and secondary outcomes.
Inappropriate interpretation of results: incorrect con-
clusions drawn from even correctly reported data, such
as unjustified causal language or claims not based on the
actual statistical results.

Inappropriate extrapolation of results: unjustified gen-
eralization, such as extending treatment effects to a differ-
ent population.

Automatic tools for detecting spin can benefit both authors
in writing, as well as readers and reviewers in critically evalu-
ating articles. ExaCT (2010) uses statistical models and regular
expressions to extract key trial information, such as sample size,
from RCT abstracts into a table [8]. RobotReviewer (2015) uses
a machine learning model trained on 12,800 labeled clinical trial
reports to assess their level of bias [12]. DeSpin (2020) uses
fine-tuned pre-trained language models (PLMs) to detect several
types of spin in RCTs, by breaking the task down into extraction,
detection, and classification sub-tasks [9]. One such example
is comparing the primary and reported outcomes, needed
to detect inconsistent reporting, specifically outcome switching.
This is also the task addressed in this paper, using large language
models, presuming that outcomes were already extracted.

This research was conducted in academic year 2024/25 as part of a bachelor’s
thesis.
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3 Methodology
3.1 Dataset

Comparing primary and reported outcomes can be framed as a
directed semantic similarity task in the context of biomedicine.
This is crucial for automatically checking whether the stated ob-
jectives of a clinical trial are correctly reported and met. Koroleva
et al. [10] built a dataset of such outcome pairs from 3,938 RCT
articles available on PubMed Central?. One human annotator,
after consulting domain experts, labeled 3,043 pairs as similar
(label 1) or different (label 0). We then deduplicated the pairs,
leaving 2,796. This dataset was imbalanced, with 21.8% of pairs
labeled as similar and 78.2% as different, as a consequence of the
collection methodology. An example pair labeled as similar is
the primary outcome log HbAIc, reported as glycaemic control.
This is a broader term, and recognizing it as a match requires
domain knowledge of (blood sugar) measurements. An example
of a negative pair is the primary outcome blood pressure, reported
as systolic BP, which is a more specific term.

From the deduplicated pairs, we randomly sampled 300 for our
own experiments: 100 for model tuning and 200 for validation.
The remaining 2,496 pairs were used for the final testing. The
tuning, validation and test sets contained 31.0%, 21.5% and 21.4%
similar pairs respectively, compared to 21.8% overall. Due to
unstratified sampling, the tuning set is biased toward similar
pairs, relative to the whole deduplicated dataset.

3.2 Metrics

When comparing texts, most models produce a continuous sim-
ilarity score on the interval [0, 1] rather than a direct label, so
a threshold is needed to turn this score into a binary decision.
We used the Youden index to determine this threshold auto-
matically, rather than setting it manually, which would be time-
consuming and prone to bias [7]. The Youden index J is defined
at each point on the ROC curve as:

TP TN

= + -1(1)

TP+FN TN +FP

For each model, we selected the threshold that maximizes J.
Unlike accuracy or F; score, ] treats both classes equally, making
it appropriate for imbalanced datasets.

We reported classification accuracy, positive-class precision,
recall, and F; score as evaluation metrics, with F; as the main
one.

J = sensitivity + specificity — 1

3.3 Baseline Models

Koroleva et al. [10] divided baseline text similarity models into
the following groups, each representing sentences differently:

(1) String measures treat sentences as sequences of charac-
ters. We evaluated the Levenshtein distance and sequence
similarity based on the Ratcliff-Obershelp distance.

(2) Lexical measures operate on words or word parts. We
evaluated lemma similarity and stem similarity.

(3) Vector-based measures embed text into a vector space
and compare vectors using distances such as cosine dis-
tance. We evaluated spaCy and Word2Vec embeddings.

(4) Ontology-based measures represent language as a hier-
archy of concepts and compute distances between them.
We evaluated path distance, Leacock-Chodorow similarity,
and Wu-Palmer similarity.

Zhttps://doi.org/10.5281/zenodo.3234827
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(5) Deep learning models use contextual representations
from large pre-trained encoders. We evaluated SciBERT
and BioBERT as sentence embedding models, as well as
the all-MiniLM-L12 sentence transformer>.

34

To make our approach widely accessible, we selected open-
source LLMs available on HuggingFace and ran them locally
with their transformers library. Local inference avoids API costs
and latency, while keeping data private in the sensitive medical
domain. We ran experiments on a single NVIDIA Quadro RTX
5000 GPU with 16 GB of VRAM, which limited the model size
to up to 8B parameters. We considered only instruction fine-
tuned variants, as these follow user prompts rather than simply
continuing text.
We evaluated four LLMs with different characteristics:

Large Language Models

e OLMo-7B-Instruct* was chosen for its complete trans-
parency. The architecture, training data, and procedure
are publicly documented and replicable. The model was
trained on 2.46T tokens, with over 2% of scientific articles.

e Mistral-7B-Instruct-v0.2° is a general-purpose LLM with
slightly better benchmark results than OLMo.

e BioMistral-7B-DARES is a variant of Mistral further
trained on PubMed Central literature, giving it stronger
biomedical terminology knowledge at the cost of general-
ity.

e Llama-3-8B-Instruct’ was reportedly trained on 15T
tokens and achieves the best reasoning scores.

We first tested LLMs as binary similarity classifiers by insert-
ing a pair of outcomes into a prompt template and extracting a
Yes or No prediction from the generated text:

<|endoftext|><|user|>

Are the following sentences semantically similar?
First sentence: {out1}

Second sentence: {out2}

Answer:

<|assistant|>

Algorithm 1: Classification via LLM token probabilities

Input: Problem with a finite set of answers ay, ay, . .
Construct a prompt that expects an answer to the

., 0n

-

problem;
2 Assign each possible answer to a token t1, ty, . . ., ty;
3 Run the model to generate the first token;
4 Extract the output value s; for each token t;;
5 Compute output probabilities p; = softmax(s;) for each
token t;;
¢ Find the index of the highest probability
h = argmax(py, p2,. .-, Pn);
Output: Answer with the highest output probability ay

This text-based approach has several limitations related to
LLM answer format and extraction. We therefore adopted a
probability-based approach, outlined in Algorithm 1 [17]. It

3https://huggingface.co/sentence-transformers/all- MiniLM-L12-v2
“https://huggingface.co/allenai/OLMo-7B-Instruct-hf
Shttps://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2
Chttps://huggingface.co/BioMistral/BioMistral-7B-DARE
"https://huggingface.co/meta-llama/Meta-Llama- 3-8B- Instruct
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uses probabilities of the first generated token to obtain a simi-
larity score between 0 and 1, similar to how the MMLU bench-
mark [5] evaluates multiple-choice answers. In our case, these
are the tokens for Yes and No.

We used the LangChain library to define multiple prompt
templates [2], varying in complexity from simple similarity
questions to outcome switching definitions and few-shot exam-
ples. All tested prompts are available in our GitHub repository®
and can be modified as needed. Experiments used deterministic
decoding with temperature set to 0. We measured AUC on the 200
instance validation set to compare model quality across prompts,
before setting the classification threshold, as shown in Figure 1.

LLM example separation capabilities for different prompts

0.98
Olmo
Mistral
0.96 —— BioMistral
—— Uama
0.94
o
S
(5]
9. 0582
S
<
0.90
0.88
0.86

1 2 3 4 5 6
prompt complexity

Figure 1: AUC scores across different LLMs and prompt

complexity levels. Prompt names for each illustrative com-
plexity level are provided in Table 1.

Table 1: List of evaluated prompt templates.

Complexity level Prompt name

Sentence template

Outcome template

Role template

Article definition template
Wikipedia definition template
Random example template

QN U W=

The prompt with complexity 3, which defines the role of a
clinical trial reviewer and the concept of primary and reported
outcomes, was chosen as the starting point for further experi-
ments. This prompt was near the middle of the AUC curve, which
resembled an inverted U shape. Its average AUC score was com-
parable to the other prompts, but its range across models was
the smallest. This indicates little bias, meaning none of them
considerably over- or underperformed.

We then applied the Youden index to the 100-instance training
set to determine the classification threshold and used it to obtain
binary predictions on the 200-instance validation set. We man-
ually inspected instances misclassified by the OLMo model
and identified three recurring error types:

8https://github.com/ta5946/Spin/blob/main/src/models/prompt_templates.py
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(a) insufficient domain terminology and acronym knowledge
(for example, HbAIc),

(b) poor comprehension of longer sentences, and

(c) acceptance of partially reported outcomes.
We addressed (c) by iteratively adding clarifications to the prompt,
stating that the reported outcome should include all compo-
nents and details of the primary outcome. Each version was
re-evaluated on the validation set until it reduced this error type
while preserving F; score and accuracy.

3.5 Ensemble models

In the final evaluation, we included ensemble models, more specif-
ically hard voting classifiers with a majority threshold. Each
ensemble was composed of the three models with the highest
F; score on the validation set from their respective group. This
improved the F; score over any single model in the group. The
ensembles were:
¢ Baseline voting: stem similarity, sequence similarity and
sentence encoder.
e LLM voting: OLMo, BioMistral and Llama with initial
prompt defining the clinical trial reviewer role.
e LLM’ voting: OLMo, Mistral and BioMistral with prompt
corrected to reject partially reported outcomes.

4 Results

4.1 Outcome Classification

Table 2 shows the results of all evaluated models on the 2,496
instance test set. The sentence transformer achieved the best
baseline F; score of 0.67 with a classification accuracy of 0.82.
Among LLMs with the original prompt, BioMistral achieved the
best F; of 0.73 and accuracy of 0.88. With the corrected prompt,
OLMo’ achieved the best F; of 0.75 and accuracy of 0.89. The best
overall result was achieved by LLM’ voting with an F; of 0.78 and
accuracy of 0.90, an improvement of 7 percentage points over
baseline voting. Koroleva et al. [10] reported F; values between
0.87 and 0.90 with fine-tuned BERT models on a non-deduplicated
dataset of outcome pairs.

4.2 Explanation

Deep learning baseline models and the proposed LLM approach
are essentially black boxes, producing only a similarity score
with no explanation of their decisions. For authors and reviewers
of clinical trial reports, understanding why two outcomes were
classified as similar or different is important. Since LLMs can
interpret the problem and generate text, they are suitable for
producing natural language explanations. We obtained expla-
nations for already classified examples by inserting the model
prediction and continuing the conversation with the user mes-
sage “Why? Explain your answer.” [18] Two examples generated
by OLMo are shown below:

Primary outcome: a reduction in depression

Reported outcome: GDS scores

Label: 1

Prediction: 1 V

Explanation: The reported outcome, GDS scores, are a
measure of depression, which is the primary outcome
in this clinical trial. The GDS is a well-known tool
to assess depression in elderly individuals.
Therefore, the reported outcome matches the defined
primary outcome.
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Table 2: Classification thresholds and results of baseline models, LLMs, and ensemble models on the test set. LLM’ denotes

inference with the corrected prompt.

Group Model Threshold Classification Accuracy Precision Recall F; Score
Stems similarity 0.3 0.805 0.528 0.845 0.650
Sequence similarity 0.4 0.845 0.668 0.550 0.603
Baseline =~ Word2Vec embeddings 0.4 0.708 0.409 0.813 0.544
Path distance 0.2 0.795 0.517 0.673 0.585
Sentence transformer 0.4 0.821 0.553 0.862 0.673
OLMo 0.1 0.866 0.653 0.802 0.720
Mistral 0.3 0.852 0.625 0.774 0.692
BioMistral 0.2 0.881 0.712 0.751 0.731
LLM Llama 0.1 0.884 0.831 0.578 0.681
OLMo’ 0.3 0.889 0.725 0.778 0.750
Mistral’ 0.2 0.894 0.789 0.692 0.737
BioMistral’ 0.1 0.851 0.609 0.852 0.710
Llama’ 0.1 0.853 0.962 0.329 0.490
Baseline voting majority 0.854 0.622 0.811 0.704
Ensemble LLM voting majority 0.899 0.781 0.733 0.756
LLM’ voting majority 0.901 0.758 0.793 0.775

Primary outcome: pain severity and knee range of motion
(ROM)

Reported outcome: pain

Label: @

Prediction: @ v

Explanation: The reported outcome is "pain," but the
defined primary outcome was "pain severity and knee
range of motion (ROM)." It does not include the
specific components of pain severity, and it does not
mention knee ROM. Therefore, the reported outcome
does not match the defined primary outcome.

5 Discussion

LLMs outperformed all baseline text similarity models in Fj,
which we attribute to defining the task context and the asym-
metric relationship between the primary and reported outcome.
Since we used LLMs as adaptive classifiers via prompting, they
remained general-purpose. BioMistral performed better with
minimal prompts while Mistral benefited from more context, in-
dicating that domain adaptation influences prompt sensitivity.
Llama followed the corrected instructions too strictly [19], as its
recall dropped to 0.33 and F; to 0.49, making it an unusable classi-
fier. Individual classification thresholds, obtained by maximizing
the Youden index, compensated for model biases. Majority voting
across LLMs further improved results, indicating that the models
made distinct mistakes and complemented each other.

Our results still trail behind fine-tuned BERT models by
about 10 percentage points on F; score. Part of the reason is
that we worked with only 10% of the dataset for development
and deduplicated instances, making the task harder. Thresholds
tuned on this small, randomly sampled dataset can be unstable
and vary across models. We also used LLMs to generate natu-
ral language explanations for the classified examples. A manual
qualitative analysis showed that more than 50% of explana-
tions are valuable, while approximately every tenth contains
hallucinations.
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6 Conclusion

We investigated whether smaller open-source LLMs can classify
pairs of outcomes based on text similarity as part of detecting
outcome switching in RCT reports. For this purpose, we used a
dataset of primary and reported outcomes labeled for similarity.
Through prompt engineering, OLMo achieved the best F; score
of 0.75, and majority voting of three LLMs improved it to 0.78.
Other contributions include automatic threshold tuning, clas-
sification based on next token probabilities, and the option to
explain the model decision. Our approach requires only a few
hundred instances and no parameter fine-tuning. All source code
and results, including model predictions and explanations, are
publicly available in a GitHub repository.’

As future work, we propose evaluating larger, more capable
LLMs. A complete spin detection pipeline would have to be ex-
tended to other types of spin and related tasks, such as outcome
extraction and discrepancy judgment. Alternatively, models with
longer context windows could analyze whole reports at once,
replacing intermediate steps with reasoning. To ensure cross-
lingual reliability, the experiments should be repeated with a
machine-translated or separately collected dataset.
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Abstract

Automatic speech recognition (ASR) is increasingly used in clin-
ical speech-analysis pipelines, where transcription errors may
affect the downstream linguistic measures. Speech alterations as-
sociated with Parkinson’s disease (PD) may pose additional chal-
lenges to general-purpose ASR systems. This study evaluates ASR
transcription fidelity in 88 PD-HC pairs closely matched on sex,
age, and education from the Slovak EWA Database, using three
standardised picture-description tasks that elicit spontaneous
connected speech. We evaluated Whisper large-v3 as the pri-
mary ASR system, and used large-v3-turbo to assess robustness.
ASR outputs were compared with manually corrected reference
transcripts using annotation-aware lexical-verbatim normalisa-
tion. The primary outcome was participant-level speaker-pooled
word error rate (WER), with character error rate (CER) and word-
error components examined as supporting measures. PD-HC
differences were evaluated within matched pairs using two-sided
Wilcoxon signed-rank tests, with paired-bootstrap 95% confi-
dence intervals for mean differences. For large-v3, mean WER was
24.34% in PD and 18.94% in HC, yielding a mean paired difference
of +5.40 percentage points (95% CI: 3.00-7.89; p = 1.54 X 1075).
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A similar difference was observed with large-v3-turbo (+5.82
percentage points; p = 2.51 x 10™%), and CER was also higher
in PD for both models. For large-v3, the WER difference was
driven mainly by deletions (+3.58 percentage points) and, to a
lesser extent, substitutions (+2.11), both significant after Holm
correction, whereas insertion rates did not differ significantly
between groups. The main finding was consistent across picture
stimuli and sensitivity analyses. These results show a diagnosis-
associated difference in ASR transcription fidelity in this matched
cohort. Such differences highlight the importance of evaluating
ASR transcription fidelity when automatic transcripts are used
for clinical speech and language analysis.

Keywords

automatic speech recognition, Parkinson’s disease, connected
speech analysis, transcription accuracy, clinical natural language
processing, digital health

1 Introduction

Speech and language changes in Parkinson’s disease (PD) extend
beyond voice and articulation to timing, fluency, lexical-semantic
processing, syntax, pragmatics, and discourse [2, 14, 5]. These
measures are increasingly investigated as non-invasive digital
biomarkers for disease characterization and monitoring [18, 2].
standardised picture-description tasks are particularly useful be-
cause they elicit connected speech while engaging multiple as-
pects of language production.
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Figure 1: Overview of the study design and evaluation pipeline, from cohort construction through ASR processing and

evaluation to matched participant-level PD-HC analysis.

Automatic speech recognition (ASR) is increasingly used to
generate transcripts for clinical speech-analysis pipelines. Tran-
scription errors can therefore propagate into linguistic features,
language-model representations, and downstream clinical predic-
tions. Recent PD studies have already used Whisper-generated
transcripts for disease detection, symptom assessment, treatment-
related language analysis, and longitudinal monitoring [4, 3, 19,
21]. Higher ASR error in PD than in controls has been reported
for Spanish speech [12] and in a bilingual English/French cohort
[16], while a smaller descriptive WER difference was reported
for Czech spontaneous discourse [20]. Related work has also
reported WER/CER differences across additional PD datasets and
disease-severity levels [15]. However, not all ASR-based evalua-
tions have found a significant speaker-group effect; for example,
no significant effect of speaker group on Al transcription success
was observed in a noisy-sentence paradigm [13]. Therefore, the
magnitude of PD-associated ASR degradation appears to depend
on the language, speech task, ASR system, recording conditions,
and evaluation protocol. Prior studies suggest that ASR errors
may preserve information useful for disease classification [11]. It
remains unclear whether a systematic PD-HC difference persists
under a tightly matched participant-level design using current
ASR and standardised spontaneous connected speech.

Measured ASR error also depends on how the reference tran-
scripts are defined. Clinical connected speech includes repetitions,
self-corrections, fragments, filled pauses, non-speech events, and
investigator speech, which human annotators and ASR systems
may handle differently. Transparent transcription and normalisa-
tion is therefore important when evaluating clinical speech [6, 8,
22]. A systematic PD-HC difference in transcription fidelity is a
measurement-validity concern when automatic transcripts are
used for clinical analysis, although it does not by itself demon-
strate bias in downstream biomarkers.

This paper evaluates ASR transcription fidelity in 88 demo-
graphically matched PD-HC pairs from the Slovak EWA Data-
base [17, 7]. EWA-DB has previously been used for PD classifi-
cation and cross-linguistic representation learning [1, 9], but its
big3-big5 picture-description tasks have not, to our knowledge,
been directly evaluated for PD-HC ASR transcription fidelity.
Whisper large-v3 is used as the primary ASR system and large-v3-
turbo as a supporting model. We ask two questions: (1) how large
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is the PD-HC difference in ASR transcription error for matched
Slovak picture-description speech, and (2) whether this difference
is consistent across the two Whisper variants and error measures
and, for the primary model, which word-error components con-
tribute to it. An annotation-aware lexical-verbatim normalisation
protocol is used to preserve participant speech while explicitly
handling database-specific annotations and investigator speech.
The main contributions are:

(1) A controlled evaluation of ASR transcription fidelity in 88
PD-HC pairs closely matched on sex, age, and education
using three standardised picture-description tasks.
Participant-level evaluation of the PD-HC difference across
two Whisper variants and multiple error measures, with
decomposition of large-v3 WER into substitution, deletion,
and insertion components.

An annotation-aware lexical-verbatim evaluation protocol
that preserves clinically relevant participant productions
and explicitly handles database-specific annotations and
investigator speech.

@

~

®)

2 Materials and Methods
2.1 Study Design and Evaluation Pipeline

The study followed a matched, participant-level evaluation de-
sign, summarised in Fig. 1. The overall pipeline comprised co-
hort construction, automatic transcription of the selected speech
recordings, transcript normalisation and investigator-speech han-
dling, computation of recognition-error measures, participant-
level aggregation, and paired comparison between individuals
with Parkinson’s disease and healthy controls. The supporting
analyses examined the consistency of the findings across the two
Whisper variants, error measures, speech tasks, and recording-
quality conditions. The following subsections describe each stage
of the pipeline in detail.

2.2 Data and Matched Cohort

2.2.1  EWA-DB and Speech Tasks. We obtained speech record-
ings from the Slovak EWA Database (EWA-DB), which contains
speech, demographic, and clinical data from participants with
neurodegenerative disorders and healthy controls [17, 7]. We ob-
tained access under a signed End User License Agreement with
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Table 1: Characteristics and covariate balance of the 88-
pair cohort. Continuous variables are reported as mean +
standard deviation and categorical variables as n (%).

Characteristic HC (n=88) PD(n=288) |SMD| pre — post

Sex, n (%) 0.77 — 0.00
Male 53(60.2%) 53 (60.2%)
Female 35 (39.8%) 35 (39.8%)

Age, years 67.84 £9.91 68.11 £ 9.97 0.47 — 0.03
Male 65.60 = 9.00 65.98 + 9.07
Female 71.23 £ 10.39 71.34 + 10.52

Education, years 14.82 £ 2.94 14.61 = 3.00 0.20 — 0.07
Male 1532 £ 2.69 15.02 £+ 2.77
Female 14.06 +£3.17 14.00 + 3.25

MoCA score 27.49 £ 1.29 25.73 + 2.57 0.99 — 0.87
Male 27.51 £ 1.22  25.68 + 2.53
Female 27.46 = 1.40 25.80 £ 2.67

WAIS score 2.72 £ 245 3.05 + 2.93 0.07 — 0.12
Male 2.37 £ 2.38 3.19 £3.16
Female 3.26 + 2.49 2.83 + 2.57

Family history, n (%) 17 (19.3%) 18 (20.5%) 0.02 — 0.03
Male 9(17.0%) 10 (18.9%)
Female 8(22.9%) 8(22.9%)

the Institute of Informatics of the Slovak Academy of Sciences.
The study focuses on spontaneous connected speech elicited by
picture description. The three complex tasks (big3-big5) were
prespecified as the primary analysis scope because they elicit
longer and linguistically richer connected-speech samples than
the simpler big6-big?7 tasks.

EWA-DB provides audio and manually corrected reference
transcripts. These were generated from output of the corpus de-
velopers’ ASR system and then corrected by trained annotators,
who also added acoustic-event labels [17]. As a result, the tran-
scripts contain database-specific annotation markers in addition
to lexical content. Section 2.3.2 describes their normalisation
before ASR scoring.

2.2.2  Participant Selection and Matching. EWA-DB contains 1,323
HC and 175 PD participants. Of these, 896 HC and 169 PD met
the database eligibility criteria; 538 HC and 92 PD also had audio-
publication consent, and 476 HC had available manual annota-
tions. All 92 PD participants with audio-publication consent also
had manual annotations. The resulting eligible cohort therefore
comprised 476 HC and 92 PD participants. We constructed a
1:1 matched cohort using exact matching on sex and calipers of
+3 years for age and +2 years for education. Among admissible
matches, we optimised assignment globally using linear sum
assignment.

We obtained a valid match for 88 of the 92 PD participants
(95.7%), yielding 88 PD-HC pairs. Four PD participants had no
HC candidate satisfying the prespecified matching constraints.
Covariate balance was assessed using the absolute standard-
ised mean difference (]SMD]); all three matching variables had
[SMD| < 0.10 after matching (Table 1). We reported MoCA, WAIS
(WAIS-III Similarities subtest), and family history (reported occur-
rence of neurodegenerative disease in the family) descriptively
but did not use them for matching.

Speech amount was characterised as the mean number of
normalised reference words per eligible big3-big5 recording.
HC participants produced 118.01 + 37.74 words per recording
on average (median 124.67), compared with 104.70 + 42.04 in PD
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Figure 2: Participant-level distribution of speech amount
in the matched cohort. Speech amount was defined as the
mean number of normalised reference words per eligi-
ble big3-big5 recording. Each participant contributes one
value; boxplots show the median and interquartile range.

(median 99.17), a descriptive mean difference of 13.31 words per
recording (Fig. 2).

2.3 ASR and Transcript Processing

2.3.1 ASR Systems and Inference. We evaluated two contempo-
rary multilingual Whisper models: Whisper large-v3, the primary
ASR system, and Whisper large-v3-turbo as a supporting model.
We applied both systems without task-specific or EWA-DB fine-
tuning. We specified Slovak as the recognition language and used
identical decoding settings across diagnostic groups. Each eligi-
ble picture-description recording was transcribed independently
and the resulting hypotheses were subsequently processed using
the normalisation procedure described in the 2.3.2 Section.

2.3.2  Transcript Normalisation. EWA-DB reference transcripts
contain database-specific annotation markup in addition to spo-
ken lexical content, including structural and disfluency tags, filled
pauses, interruptions, and markers for partial or truncated words.
We used a predefined lexical-verbatim normalisation protocol to
remove annotation markup while preserving genuine participant
productions that may carry clinically relevant information.

We used a custom normalisation procedure rather than Whis-
per’s built-in English text normaliser. We applied the same de-
terministic normalisation procedure to the reference transcripts
and ASR hypotheses. We handled database-specific annotation
tags according to their defined meaning. Numeric expressions
were converted to written Slovak forms (e.g., 4 to Styri), because
ASR hypotheses typically represent such content as words and
removing numeric tokens from the reference would penalise oth-
erwise correct recognition. Intra-word hyphens were joined and
non-lexical punctuation was removed. Diacritics were retained
because they encode phonologically and lexically significant dis-
tinctions in Slovak. Repetitions, self-corrections, and partial word
productions were preserved according to the lexical-verbatim
evaluation approach. Such productions may carry clinical infor-
mation, and differences in transcription-policy can affect mea-
sured WER [22]. All text was lowercased.

Fragment-truncation markers were removed while retaining
the associated lexical content. Trailing, leading, and standalone
markers were inspected and represented either recording-boundary
truncation or genuine partial productions. No recordings were
excluded on this basis. As an additional quality-control check,
we flagged references shorter than 10 words for review; two
recordings met this criterion.
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2.3.3 Investigator-Speech Handling. Some recordings contained
investigator speech, which should not contribute to participant-
level ASR evaluation (17 in total). We reviewed each recording to
determine whether investigator speech could be separated reli-
ably. We allowed recovery only when the investigator produced
brief non-lexical fillers and the metadata duration matched the au-
dio duration. Three recordings met these conditions. Investigator-
tagged content was removed from the reference, and ASR words
were removed when the midpoint of their recognised interval
fell within the corresponding investigator interval. This avoided
removing adjacent participant words at interval boundaries.
The remaining fourteen recordings were excluded. Thirteen
contained substantive investigator speech, and the annotations
did not always cover the complete statement. This created a
risk that unannotated investigator words would be attributed
to the participant. One additional recording had an audio/JSON
duration mismatch, so we could not trust its timestamps.
Overall, 1,688 of 1,702 eligible big3-big5 recordings were
scored. All 88 matched pairs remained in the primary analysis,
although four pairs contributed unequal numbers of recordings.

2.4 ASR Evaluation Measures

We evaluated ASR performance using word error rate (WER) and
character error rate (CER). Word-level errors were also decom-
posed into substitutions, deletions, and insertions. The primary
outcome was participant-level speaker-pooled WER for Whisper
large-v3. Speaker-pooled WER was calculated by summing sub-
stitution, deletion, insertion, and reference-word counts across all
eligible recordings for each participant before computing WER.
This approach gives each reference word equal weight and avoids
disproportionately weighting short recordings. We used the same
participant-level pooling strategy for CER and individual word-
error components.

2.5 Statistical Analysis
The primary endpoint was participant-level speaker-pooled WER

for Whisper large-v3. Substitution, deletion, insertion, and reference-

word counts were summed across all eligible big3-big5 record-
ings before calculating WER, avoiding equal weighting of record-
ings with different speech amounts. All 88 matched pairs were
retained, including four with unequal picture availability. With
1:1 matching, inference was based on within-pair PD-HC differ-
ences.

The distribution of paired large-v3 WER differences was in-
spected before inferential testing and showed a marked departure
from normality, with one extreme upper-tail observation. There-
fore, a two-sided Wilcoxon signed-rank test was used as the main
paired test, with rank-biserial correlation reported as the effect
size. The magnitude of the group difference was summarised by
the mean paired difference in percentage points (pp) with a paired-
bootstrap 95% confidence interval based on 10,000 resamples. An
exact sign test and paired t-test were used as complementary
robustness analyses.

Confirmatory inference was limited to the primary endpoint,
participant-level speaker-pooled WER for Whisper large-v3. All
other inferential analyses were supporting or exploratory, and
their p-values were not interpreted as belonging to a common
confirmatory family. Large-v3 CER and large-v3-turbo WER/CER
were analysed analogously; Holm adjustment was applied only
within the three word-error-component tests and within the
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three picture-specific tests, which used complete matched pairs
for each stimulus.

Sensitivity analyses assessed whether the primary result was
robust to recording quality and investigator-speech handling.
The analysis was repeated after excluding recordings associated
with acoustically unsatisfactory data in the EWA-DB metadata. A
second sensitivity analysis applied a stricter investigator-speech
policy by additionally excluding the three filler-only recordings
retained by the primary preprocessing procedure, thereby exclud-
ing all 17 investigator-flagged recordings. WER was re-pooled
after filtering.

Because four matched pairs contained different sets of avail-
able picture stimuli, a shared-stimulus sensitivity analysis was
also performed across all 88 pairs. Within each pair, WER was
re-computed using only picture stimuli available for both par-
ticipants. This ensured that, within each pair, both participants
were compared on the same set of pictures. Influence of indi-
vidual pairs was assessed using leave-one-pair-out analyses and
a diagnostic analysis excluding the single extreme paired WER
difference identified by the standard 1.5XIQR rule.

As a secondary analysis, total large-v3 word errors were anal-
ysed using a conditional Poisson model for matched pairs, with
the amount of reference speech included as the exposure term.
The model compared PD and HC error rates within each matched
pair while allowing for pair-specific baseline differences. Because
the observed variability exceeded that expected under a standard
Poisson model, robust sandwich standard errors with the HC1
finite-sample adjustment were used to obtain confidence intervals
and p-values. This analysis was treated as supporting evidence
rather than as a replacement for the primary participant-level
WER comparison. All tests were two-sided with & = 0.05 and
were performed in R 4.4.2.

3 Results

For Whisper large-v3, participant-level speaker-pooled WER was
higher in PD than in HC (24.34% vs. 18.94%), with a mean within-
pair difference of +5.40 pp (95% CI 3.00-7.89). The Wilcoxon
signed-rank test supported this difference (p = 1.54 x 107°), with
a rank-biserial correlation of ry, = 0.531. WER was higher for
the PD participant in 65 of 88 matched pairs (73.9%). The exact
sign test and paired ¢-test supported the same conclusion. The
distribution of matched differences for both Whisper variants is
shown in Fig. 3.

The PD-HC WER difference was also observed with Whis-
per large-v3-turbo, and CER was likewise higher in PD for both
Whisper variants. The mean PD-HC WER difference was +5.82
pp for large-v3-turbo, while the corresponding CER differences
were +3.37 pp for large-v3 and +3.10 pp for large-v3-turbo. De-
tailed group means, confidence intervals, and test results are
summarised in Table 2.

When large-v3 WER was decomposed into substitution, dele-
tion, and insertion components, deletions showed the largest
PD-HC difference (+3.58 pp), followed by substitutions (+2.11
pp), while insertion rates were similar between groups. Paired
Wilcoxon signed-rank tests showed significant differences for
deletions and substitutions after Holm correction across the three
component tests, but not for insertions.

In separate picture-specific matched analyses, WER was higher
in PD for all three stimuli, with mean paired differences ranging
from +4.50 to +6.20 pp. All three PD-HC comparisons were sig-
nificant in Wilcoxon signed-rank tests after Holm adjustment
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Figure 3: Matched PD-HC WER differences for Whisper large-v3 and large-v3-turbo. Positive values indicate higher WER in
PD. Boxes show median and interquartile range; diamonds show mean with 95% ClIs. The dashed line marks zero difference.

Table 2: Primary and supporting matched ASR results show
participant-level mean error rates (%). Differences are PD
minus HC in percentage points, with paired-bootstrap 95%
CIs. Holm-adjusted component p-values; others from two-
sided Wilcoxon signed-rank tests.

Analysis n HC mean PD mean PD-HC [95% CI] P
large-v3 WER 88 18.94 24.34 5.40 [3.00,7.89] 1.54 X 1072
large-v3-turbo WER 88  20.12 25.94 5.82 [2.89,8.86] 2.51 X 1074
large-v3 CER 83 8.8 1226 3.37[177,513] 1.53x 1074
large-v3-turbo CER 88 9.34 12.44 3.10 [1.38,4.88] 2.93 X 1073
Substitution rate 88 10.61 1272 211[0.76,351]  0.0106%
Deletion rate 88  6.06 9.63 3.58 [2.13,5.16] 3.15 X 10-%a
Insertion rate 88 227 1.99  -0.28 [-1.01, 0.44] 0.228%

“9Holm-adjusted across substitution, deletion, and insertion tests.

(p < 0.004), indicating that the overall result was not driven by a
single picture stimulus.

Sensitivity analyses produced estimates close to the primary
+5.40-pp difference. For each sensitivity analysis, participant-level
speaker-pooled WER was re-computed after the relevant record-
ing restriction, and the resulting PD-HC differences were tested
within matched pairs using the same Wilcoxon signed-rank test
as in the primary analysis. Restriction to clean recordings (n = 83
pairs) and application of the stricter investigator-speech policy
(n = 87 pairs) yielded mean differences between +5.38 and +5.53
pp- Restricting each matched pair to picture stimuli available for
both participants retained all 88 pairs and produced a difference
of +5.50 pp (95% CI 3.10-8.02).

One matched pair had an exceptionally large PD-HC WER
difference (+60.62 pp). Diagnostic removal of this pair reduced
the mean difference to +4.76 pp but did not change the substan-
tive conclusion. Across all leave-one-pair-out analyses, mean
differences remained between +4.76 and +5.67 pp, showing that
no single matched pair accounted for the primary result.

As a secondary analysis, total large-v3 word errors were anal-
ysed using a conditional Poisson model for matched pairs, while
accounting for the number of reference words produced by each
participant. The estimated PD-to-HC word-error rate ratio was
1.269 (robust 95% CI 1.141-1.411; p = 1.09 X 1079), indicating an
approximately 27% higher word-error rate per reference word
in PD than in HC. This result was consistent with the primary
participant-level WER analysis.

4 Discussion

In this demographically matched Slovak cohort, Whisper pro-
duced higher transcription error for PD speech than for HC
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speech. With large-v3, mean WER was 24.34% in PD and 18.94%
in HC, a mean difference of +5.40 pp. A similar difference was
observed with large-v3-turbo (+5.82 pp), and CER was also higher
in PD for both Whisper variants. For large-v3, the WER differ-
ence was also present across all three picture-description stimuli.
These findings are consistent in direction with previous reports
in Spanish, English/French, and Czech [12, 16, 20]. However, the
magnitude of the PD-HC difference varies considerably across
studies, and significant differences have not been observed under
all experimental conditions [13]. This variability highlights the
importance of language, task, recording conditions, ASR system,
and evaluation protocol when interpreting group differences in
ASR performance.

The type of recognition error may be particularly relevant
when automatic transcripts are used to derive clinical measures.
Deletions showed the largest PD-HC difference, increasing from
6.06% in HC to 9.63% in PD. Substitutions were also higher in
PD, whereas insertion rates were similar between groups. Par-
ticipants with PD also produced shorter picture descriptions on
average. To avoid giving disproportionate weight to short individ-
ual recordings, participant-level WER was calculated by pooling
error and reference-word counts across each participant’s avail-
able recordings. Even so, differences in speech amount may be
relevant for transcript-derived measures such as transcript length
and lexical counts. The relationship between speech amount and
WER was not formally analysed as a mediating mechanism in
this study and should be examined in future work.

The main finding was consistent across the supporting and
sensitivity analyses. Similar PD-HC differences were observed
with both Whisper variants, for CER, across all three picture stim-
uli, after restriction to clean recordings, and under the stricter
investigator-speech policy. Restricting each matched pair to pic-
ture stimuli available for both participants changed the estimated
difference only from +5.40 to +5.50 pp, indicating that unequal
picture availability in four pairs did not account for the primary
result. Leave-one-pair-out analyses and diagnostic removal of
the single extreme pair led to the same substantive conclusion.
The secondary conditional Poisson analysis was also consistent
with the primary result, estimating an approximately 27% higher
word-error rate per reference word in PD.

The agreement between large-v3 and large-v3-turbo should
be interpreted as robustness within the Whisper model family,
rather than as evidence of generalisation across independent ASR
architectures. The two models are closely related. Evaluation
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with recognisers based on different architectures and training
procedures is therefore needed to determine how broadly the
observed PD-HC difference generalises.

These findings are relevant because automatic transcripts are
increasingly used to derive linguistic features, language-model
representations, and digital biomarkers. When transcription fi-
delity differs systematically between clinical and control groups,
downstream group differences may reflect both genuine charac-
teristics of PD speech and transcription error [10, 8]. This does
not mean that every ASR-derived biomarker is biased. It does,
however, mean that ASR fidelity should be evaluated and reported
separately for patient and control groups, rather than only as
an overall accuracy measure, when transcript-derived clinical
features are validated.

Several limitations should be considered. The analysis is based
on one Slovak database and two closely related Whisper variants,
so generalisation to other languages, tasks, and ASR architectures
remains to be established. The groups were closely matched on
sex, age, and education, but not on cognition. MoCA was not
used for matching because the EWA-DB eligibility criteria impose
different cognitive-score ranges for HC and PD. The observed dif-
ference should therefore be interpreted as diagnosis-associated
rather than as evidence for a specific underlying mechanism.
The present study cannot determine the relative contributions of
motor-speech impairment, cognitive-linguistic differences, dis-
fluency, acoustic changes, or their combination.

A further limitation concerns the reference transcripts. The
EWA-DB manual transcripts were created by correcting output
from the corpus developers’ recognizer rather than indepen-
dently from scratch. They may therefore retain some lexical
or orthographic conventions of that system. Because the same
reference-construction procedure was applied to both groups,
this limitation is not specific to either PD or HC. It may neverthe-
less affect the absolute WER values obtained when independent
ASR systems are evaluated against these references.

5 Conclusion

In this matched cohort, Whisper large-v3 WER was 5.40 pp higher
in PD than HC, with deletions showing the largest component
difference. Because automatic transcription often precedes down-
stream language and digital-biomarker analyses, group differ-
ences in ASR fidelity should be assessed and reported when
interpreting transcript-derived measures.
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Abstract

The digitalisation of healthcare in the European Union enables
patients to access medical services across national borders while
allowing healthcare professionals to retrieve essential clinical
information from other Member States. MyHealth@EU supports
this objective through services such as cross-border ePrescrip-
tions, eDispensation, and Patient Summaries. However, the ex-
change and potential automated processing of sensitive health
information raises significant concerns regarding privacy, secu-
rity, interoperability, and patient rights. This paper examines
MyHealth@EU in relation to the General Data Protection Reg-
ulation (GDPR) and the European Union Artificial Intelligence
Act (AI Act). A qualitative legal and document-based methodol-
ogy is used to analyse the requirements of the three frameworks
and to identify areas in which they complement or potentially
conflict with one another. The analysis shows that the GDPR
provides the fundamental legal safeguards for processing health
data, including lawfulness, data minimisation, purpose limitation,
security, and accountability, while the AI Act introduces addi-
tional requirements for high-risk Al systems concerning data
quality, transparency, risk management, robustness, and human
oversight. Particular attention is given to a potential tension be-
tween GDPR data minimisation requirements and the need for
sufficiently representative datasets for reliable healthcare AL The
paper concludes that trustworthy cross-border digital healthcare
requires interoperability to be developed together with strong
data-protection safeguards, cybersecurity measures, transparent
Al governance, and meaningful human control. Our hypothesis
is: The GDPR and the AI Act provide largely complementary reg-
ulatory safeguards for the use of health data in MyHealth@EU,
but their combined application creates a potential tension requir-
ing contextual reconciliation between the GDPR principle of data
minimisation and the AI Act requirement for sufficiently repre-
sentative and high-quality datasets in healthcare Al systems.

Keywords

MyHealth@EU, Digital Health, Cross-Border Healthcare, GDPR,
Artificial Intelligence Act, Health Data, Data Protection, Interop-
erability

1 Introduction

The digital transformation of healthcare has created new oppor-
tunities for improving the availability, continuity, and quality of
medical services across national borders. Within the European
Union (EU), these developments are particularly relevant because
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citizens increasingly travel, work, and reside in Member States
other than their country of affiliation. In such situations, health-
care professionals may need timely access to essential medical
information that was originally created and stored in another na-
tional healthcare system. MyHealth@EU addresses this challenge
by supporting the cross-border exchange of electronic health in-
formation through a common European digital infrastructure
[5]. Two central services supported by MyHealth@EU are the
electronic prescription and electronic dispensation services (ePre-
scription/eDispensation) and the Patient Summary. The former
enables a prescription issued in one participating country to
be accessed by a pharmacy in another participating country,
whereas the latter provides healthcare professionals with essen-
tial information such as allergies, current medication, previous
illnesses, and relevant medical history [5]. These services aim to
improve continuity of care and reduce practical barriers created
by national borders and language differences. However, the cross-
border availability of health information also raises significant
legal, technical, and ethical questions. Health data constitute a
particularly sensitive category of personal data and therefore
require a high level of protection. The General Data Protection
Regulation (GDPR), Regulation (EU) 2016/679, establishes the
main legal framework governing the processing of personal data
in the EU. In particular, Article 9 of the GDPR classifies health
data as a special category of personal data and generally pro-
hibits their processing unless one of the specified legal exceptions
applies [6]. These exceptions include, among others, explicit con-
sent, medical diagnosis and treatment, the management of health
and social care systems, and certain public-health purposes. The
increasing use of artificial intelligence (AI) adds another regu-
latory dimension to digital healthcare. Al-based systems may
support diagnosis, clinical decision-making, risk prediction, pa-
tient monitoring, or the analysis of electronic health information.
Regulation (EU) 2024/1689, commonly referred to as the Artificial
Intelligence Act (AI Act), introduces a risk-based framework for
the development and use of Al systems in the EU [7]. The Reg-
ulation recognises that Al applications may provide substantial
benefits in healthcare, but also that failures or inaccurate out-
puts can pose significant risks to health, safety, and fundamental
rights. Certain Al systems used as medical devices or as safety
components of regulated products may therefore be classified as
high-risk and become subject to additional requirements. This
paper examines the relationship between:

o MyHealth@EU,

e GDPR,

o Al Act.
Its main objective is to analyse how cross-border digital health
services can provide access to clinically relevant information
while maintaining strong safeguards for privacy, data protection,
patient autonomy, and human oversight. Particular attention is
given to the interaction between interoperability and data min-
imisation, the legal treatment of health data, and the implications
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of applying Al systems to data exchanged through cross-border
healthcare infrastructures.

2 Related Work

Research on European cross-border digital healthcare can broadly
be divided into three closely connected areas: interoperability
of national health information systems, protection of health
data under the General Data Protection Regulation (GDPR), and
the emerging regulatory framework for artificial intelligence in
healthcare. These areas are particularly relevant to MyHealth@EU
because the platform depends on the exchange of sensitive health
information between heterogeneous national infrastructures while
potentially providing data that may be processed by increasingly
sophisticated digital and Al-based healthcare systems. Several
studies have examined the development and implementation
of cross-border electronic health services in Europe. Nalin et
al. [9] analysed the European roadmap for cross-border health-
data exchange using the Italian implementation as a case study.
The authors identified interoperability, cybersecurity, regula-
tory requirements, organisational differences, and privacy as
major challenges to the establishment of a common European
health-data infrastructure. Their study also discussed technical
mechanisms for strengthening trust and security, including en-
cryption and auditing mechanisms. This work is particularly
relevant to MyHealth@EU because it demonstrates that cross-
border health-data exchange is not only a technical interoper-
ability problem, but also a legal and organisational one. More
directly, Bruthans and Jirdkova [2] examined the implementa-
tion and actual usage of the European eHealth Digital Service
Infrastructure (eHDSI), whose cross-border services are provided
under the MyHealth@EU name. Their study analysed opera-
tional data from 2019 to 2022 and considered the two principal
services, ePrescription/eDispensation and the Patient Summary.
They observed increasing participation by Member States but
also substantial differences in practical adoption. In particular,
ePrescription and eDispensation transactions were considerably
more established than the use of Patient Summaries during the
period analysed. Their findings demonstrate that technical avail-
ability alone does not guarantee widespread practical use of cross-
border digital-health services. Interoperability between national
systems, translation of clinical terminology, authentication of
patients and healthcare professionals, and differences in national
implementation remain important challenges. Data protection
represents another central stream of related research. Bincoletto
[1] specifically investigated data-protection issues arising from
the cross-border interoperability of Electronic Health Record
(EHR) systems in the European Union. The study argues that
interoperability must be developed together with the GDPR re-
quirements and places particular emphasis on data protection by
design and by default. From this perspective, privacy safeguards
should not be introduced only after an interoperable health-data
system has been deployed; instead, requirements concerning
the lawful use of data, data minimisation, purpose limitation,
security, and data-subject rights should influence the architec-
ture of the system from its design stage. Larrucea et al. [8] sim-
ilarly investigated how cross-border healthcare infrastructures
can be designed in a GDPR-compliant manner. Their work pro-
poses an architectural approach incorporating mechanisms such
as consent management and data-hiding techniques for health-
care information exchanged between countries. This research
is relevant to MyHealth@EU because the platform involves the
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transmission of highly sensitive medical information between
national healthcare environments. Together, these studies demon-
strate that technical interoperability and legal interoperability
cannot be treated as independent requirements. A system may
be technically capable of exchanging health information while
still requiring mechanisms that ensure that access, disclosure,
storage, and further processing remain compliant with European
data-protection law. The emergence of artificial intelligence intro-
duces an additional dimension to this literature. Before adoption
of the AI Act, Cohen et al. [4] examined the European strategy
for artificial intelligence and its implications for digital health.
They identified a number of difficult trade-offs in medical Al
including the relationship between privacy, cybersecurity, ac-
curacy, access to data, and the continuous development of Al
systems. These concerns are important for cross-border digital
healthcare because Al systems may depend on access to large
and heterogeneous datasets, while health information remains
subject to particularly strong privacy and security requirements.
More recent research has focused specifically on Regulation (EU)
2024/1689, the Artificial Intelligence Act. Busch et al. [3] provide
an overview of the AI Act from the perspective of healthcare
and explain how the risk-based regulatory structure interacts
with medical Al and existing medical-device legislation. Their
analysis highlights that many healthcare applications may face
significant regulatory requirements concerning risk management,
data governance, transparency, documentation, human oversight,
accuracy, robustness, and cybersecurity. Van Kolfschooten and
van Oirschot [11] analyse the consequences of the AI Act for
healthcare stakeholders, including technology developers, health-
care professionals, and public-health authorities. They argue that
the horizontal nature of the AI Act creates challenges when it
is applied to the specific characteristics of healthcare and con-
clude that additional sector-specific guidance will be important.
Their work is particularly relevant to clinical decision-support
systems, where healthcare professionals may simultaneously be
responsible for interpreting Al-generated recommendations and
protecting the rights and interests of patients. A broader regula-
tory perspective is provided by Schmidt et al. [10], who mapped
the regulatory environment applicable to Al in healthcare and
population health within the European Union. Their analysis
demonstrates that the Al Act does not operate independently.
Al-based healthcare applications are simultaneously influenced
by legislation concerning data protection, medical-device safety,
fundamental rights, healthcare regulation, and other areas. This
finding is directly relevant to the relationship between the AI Act
and GDPR considered in this paper: compliance with the AT Act
does not replace the legal obligations arising from the process-
ing of personal and health data under the GDPR. The existing
literature therefore provides substantial research on cross-border
health-data interoperability, GDPR compliance, and Al regula-
tion. However, these topics are frequently analysed as separate
regulatory or technical problems. The present work connects
these research streams by using MyHealth@EU as a practical
context in which data interoperability, data protection, and Al
governance may increasingly intersect. The objective is not to
argue that MyHealth@EU itself constitutes an Al system, but
rather to examine the legal and technical implications that arise
when health data made available through European cross-border
infrastructures are subsequently processed by, or used in connec-
tion with, Al-based healthcare technologies.
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3 Methodology

This study adopts a qualitative legal and document-analysis
methodology. Rather than evaluating a deployed Al system exper-
imentally, the analysis examines the regulatory and operational
requirements governing cross-border digital healthcare in the EU.
Three primary documents are used as the main sources of analy-
sis: the European Commission documentation describing cross-
border electronic health services associated with MyHealth@EU,
Regulation (EU) 2016/679 (GDPR), and Regulation (EU) 2024/1689
(AI Act). The analysis was conducted in three stages. First, the
functional characteristics of MyHealth@EU were identified. Par-
ticular attention was given to the Patient Summary, ePrescrip-
tion/eDispensation, cross-border access by healthcare profession-
als, patient identification, consent or authorisation mechanisms,
translation of medical information, and security of data exchange.
Second, relevant GDPR requirements were mapped to the pro-
cessing activities involved in cross-border healthcare. The anal-
ysis focused on the principles established in Article 5, lawful
processing under Article 6, the processing of health data under
Article 9, automated decision-making under Article 22, and data
protection impact assessments under Article 35. These provisions
were selected because they are particularly relevant to systems
that process sensitive health information across institutional and
national boundaries. Third, the AI Act was analysed to identify
obligations that may become relevant where Al functionality
is incorporated into digital healthcare services or uses informa-
tion made available through cross-border infrastructures. The
analysis focused on the risk-based classification of Al systems
and the requirements concerning data quality and governance,
transparency, documentation, human oversight, robustness, accu-
racy, and cybersecurity. The findings were then organised using
a comparative regulatory mapping approach. The three frame-
works were examined according to four dimensions: data access,
data protection, automated or Al-assisted processing, and hu-
man control. This approach makes it possible to identify both
complementary requirements and potential tensions between
the objective of increasing the availability of health data and
the obligation to protect the fundamental rights of patients. The
methodology is intentionally limited to the supplied regulatory
and policy documents. As a result, the study presents a regulatory
analysis rather than an empirical assessment of the current tech-
nical implementation, clinical performance, or user experience
of MyHealth@EU.

4 Results

For the purposes of the analysis, two distinct Al-related process-
ing scenarios must be distinguished. The first concerns clinical
inference, where an Al-based decision-support system processes
information relating to an individual patient, such as a Patient
Summary made available through MyHealth@EU, in order to sup-
port care for that patient. In this scenario, the relevant processing
concerns the patient’s data at the point of care.

The second scenario concerns the development, training, val-
idation, or testing of an AI model using datasets containing in-
formation from multiple patients. This constitutes a separate
processing context that may involve different purposes, actors,
legal bases, and data flows. Nothing in this analysis assumes that
MyHealth@EU routinely provides datasets for Al training, valida-
tion, or testing. Where data originating from healthcare systems
are subsequently reused for such purposes, that reuse must be
assessed independently under the applicable legal requirements.
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The analysis identifies MyHealth@EU, the GDPR, and the AI
Act as three complementary layers within the governance of
future cross-border digital healthcare. The first layer concerns
interoperability and availability. MyHealth@EU provides the in-
frastructure through which medical information can be made
available to authorised healthcare professionals in another partic-
ipating country. The Patient Summary enables access to essential
clinical information, while the ePrescription service supports the
electronic retrieval and dispensation of prescriptions across bor-
ders [5]. Cross-border healthcare therefore depends not only on
the existence of medical data, but also on technical mechanisms
that allow different national systems to exchange and interpret
those data. The second layer concerns data protection and lawful
processing. The GDPR establishes that technical interoperability
does not automatically create a legal entitlement to process all
available information. Any processing operation must comply
with the principles of Article 5 and must have an appropriate legal
basis. Because medical information constitutes special-category
data, additional requirements under Article 9 are applicable [6].
The analysis therefore shows that cross-border availability and
lawful accessibility are distinct concepts. A record may be tech-
nically accessible through the infrastructure while its processing
must still be justified by an appropriate healthcare or other legal
basis. A further finding is that consent should not be treated
as the only legal mechanism for processing health information.
The MyHealth@EU documentation indicates that the conditions
for making information available may vary between Member
States. In some circumstances an active patient authorisation
may be required, whereas in others processing may be permitted
on the basis of applicable law [5]. This is consistent with the
GDPR, which provides several exceptions permitting health-data
processing, including healthcare provision and the management
of healthcare systems. The third layer concerns Al-specific risk
management. The Al Act becomes relevant when Al systems
are introduced into processes such as diagnosis, clinical decision
support, medical-device functionality, or other forms of auto-
mated analysis. The Regulation recognises that Al can provide
important benefits in healthcare but may also create risks when
inaccurate, biased, or insufficiently supervised systems influence
decisions concerning patients [7]. Certain Al-enabled medical de-
vices may consequently fall within the high-risk framework. The
comparison also reveals an interaction between data minimisa-
tion and Al data quality. Under the GDPR, only personal data that
are necessary for a defined processing purpose should be used. At
the same time, the Al Act emphasises the need for relevant, suffi-
ciently representative, and high-quality datasets, particularly in
high-risk Al applications [7]. A poorly representative dataset may
generate inaccurate or biased results, while excessive collection
of medical data may conflict with GDPR principles. Compliance
therefore requires a contextual balance in which the data used are
sufficient to support safe and non-discriminatory Al performance
without extending processing beyond what is necessary. Another
important result concerns human involvement. GDPR Article 22
provides safeguards against certain solely automated decisions
that significantly affect individuals, while the AI Act places strong
emphasis on human oversight for high-risk Al systems [6, 7]. In a
healthcare setting, this suggests that Al should normally function
as a decision-support mechanism rather than as an unquestion-
able substitute for professional clinical judgement. Healthcare
professionals must be able to understand relevant system limita-
tions, interpret outputs appropriately, and intervene when neces-
sary. Overall, the analysis indicates that the three frameworks do
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Figure 1: Governance layers for cross-border digital healthcare

not operate independently. MyHealth@EU enables cross-border
access to information, the GDPR regulates how the underlying
personal and health data may be processed, and the AI Act in-
troduces additional safeguards where Al systems analyse those
data or influence decisions. Trustworthy cross-border digital
healthcare therefore requires simultaneous compliance with in-
teroperability, data-protection, cybersecurity, transparency, and
human-oversight requirements (Figure 1).

5 Future Work

Future work should investigate how the interaction between
the GDPR, the AI Act, and European cross-border health infras-
tructures operates in practical implementations. The present
analysis is primarily regulatory and does not evaluate a spe-
cific deployed Al system. A natural extension would therefore
be to conduct case studies involving real healthcare scenarios
in which MyHealth@EU information is used together with AlI-
based clinical tools. One important research direction concerns
the development of technical architectures that support both
interoperability and data minimisation. Future systems could in-
vestigate privacy-preserving mechanisms that allow healthcare
professionals or Al systems to access only the data elements re-
quired for a particular clinical purpose. Such work could examine
role-based access control, selective disclosure, pseudonymisation,
privacy-preserving computation, and mechanisms for maintain-
ing detailed access logs. A second research direction concerns
data quality and bias. Cross-border Al systems may process data
originating from healthcare systems with different languages,
coding practices, demographic characteristics, and levels of com-
pleteness. Future studies should examine whether these differ-
ences influence Al performance across Member States and patient
groups. Particular attention should be given to whether datasets
remain sufficiently representative while complying with GDPR re-
quirements concerning purpose limitation and data minimisation.
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Human oversight also requires further investigation. Although
the AI Act establishes requirements relating to the oversight
of high-risk Al systems, the effectiveness of these safeguards
will depend on their implementation in clinical practice. Future
empirical work could therefore evaluate how doctors interpret
Al-generated recommendations, how effectively they recognise
incorrect outputs, and whether interfaces provide sufficient infor-
mation about uncertainty, limitations, and the origin of relevant
patient data. Another important area is transparency for patients.
Cross-border healthcare already involves multiple actors, includ-
ing national health authorities, healthcare professionals, pharma-
cies, and digital infrastructure providers. The addition of Al may
further increase the complexity of the processing environment.
Future work should investigate how patients can be informed
clearly about who accesses their information, for what purpose
it is processed, whether Al is involved, and what rights they can
exercise. Finally, future research should monitor the practical
development of EU digital-health infrastructure and the imple-
mentation of the AT Act. MyHealth@EU was initially designed
around cross-border services such as Patient Summaries and ePre-
scriptions, while the regulatory environment for digital health
and Al continues to evolve. Longitudinal research will therefore
be necessary to determine how legal requirements, technical in-
teroperability, cybersecurity practices, and Al-based healthcare
services develop together. The long-term objective should be a
European digital-health environment in which the movement of
patients does not prevent access to clinically relevant information,
while the movement and automated analysis of their data remain
subject to strong legal and technical safeguards. Achieving this
objective will require not only interoperability between informa-
tion systems, but also interoperability between data-protection
principles, Al governance, clinical practice, and patient rights.
The interaction between GDPR data minimisation and Al data-
quality requirements arises most clearly in the second scenario,
concerning model development, training, validation, or testing.
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It should not be understood as an inherent feature of the use of
an individual patient’s MyHealth@EU data for clinical inference.
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Abstract

Background: People with epilepsy increasingly seek information in open online forums, where large
language models (LLMs) are now a plausible source of first-line answers.

Objective: To characterize the accuracy, safety and communication quality of LLM-generated
responses to epilepsy questions posted by patients in a public forum.

Methods: We report two parallel physician-rated evaluations of questions drawn from the Reddit
r/AskDocs subforum using the keywords “epilepsy”, “seizure” and “seizure disorder”. In Study A, five
physicians rated Gemini 2.5 Pro responses to 200 questions; in Study B, four physicians, blinded to one
another, rated ChatGPT 40 responses to 159 questions retrieved under stricter inclusion criteria. Both
used 5-point Likert scales for accuracy, comprehensiveness, clarity, relevance and empathy, alongside
binary safety and verification screens.

Results: In Study A, median ratings were 4.16 for relevance, 4.09 for clarity, 4.02 for empathy, 3.77 for
accuracy and 3.75 for comprehensiveness, and responses were generally free of detectable bias or
hallucination with low perceived potential for harm. In Study B, approximately four in five assessments
fell in the good to very good range, no response was judged overtly incorrect, and no instances of bias,
harmful guidance, fabrication, falsification or plagiarism were recorded; empathy received the lowest
relative scores.

Conclusions: Across two models and two rater panels, LLM responses to real-world epilepsy questions
were consistently rated accurate, clear and relevant, with communication quality the weaker and more
variable dimension. These outputs appear suitable as a complementary, clinician-supervised patient-
education resource rather than a substitute for individualized assessment.

Keywords: epilepsy; seizures; large language models; ChatGPT; Gemini; patient education; online
health information; quality assessment.

1. Introduction

Epilepsy affects around 50 million people worldwide and is among the most common serious
neurological conditions, with nearly 80% of those affected living in low- and middle-income countries
and three quarters of people in low-income settings not receiving the treatment they need [World
Health Organization, 2019]. The condition is defined operationally by the International League Against
Epilepsy on the basis of seizure recurrence and risk [Fisher et al., 2014]. However, living with a
diagnosis often raises many questions: about possible triggers, medication side effects, driving,
pregnancy, and even what a particular event actually meant. Many of these questions cannot be fully
addressed during a routine clinic appointment.

* Corresponding author: Stevo Luki¢. Address: Medical faculty University of Nis, 81 Dr Zorana Djindjica Blvd.
18000 Nis, Serbia. E-mail: stevo.lukic@medfak.ni.ac.rs
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A substantial share of those questions is now taken to the internet, and increasingly to conversational
artificial intelligence. Large language models (LLMs) encode a considerable amount of clinical
knowledge and perform strongly on medical question-answering benchmarks [Singhal et al., 2023].
Ayers et al. (2023) compared physician and chatbot answers to 195 questions from the Reddit
r/AskDocs forum and found that evaluators preferred the chatbot response in 78.6% of evaluations,
rating 78.5% of chatbot responses good or very good against 22.1% of physician responses. Evidence
from epilepsy is somewhat mixed, although studies evaluating patient-facing information have
generally reported encouraging model performance [Garcia-Rudolph et al., 2025], ChatGPT 4.0
performed poorly at the distinct task of diagnostic classification against ILAE criteria, with a sensitivity
of 17.6% [Brigo et al., 2025].

What remains unclear is whether LLM answers to unstructured, real-world epilepsy questions are safe
as well as accurate, and how they perform on the communicative dimensions that matter to a worried
patient. We therefore report two parallel, independently conducted physician-rated evaluations,
covering two frontier models, and draw out the findings they share.

2. Materials and methods

2.1. Design and data sources

Two cross-sectional evaluations were conducted by the same research group. Both sampled publicly
posted patient questions from the Reddit r/AskDocs subforum using the search terms “epilepsy”,
“seizure” and “seizure disorder”. Study A retrieved and analyzed 200 questions. Study B applied stricter
inclusion criteria, restricting retrieval to threads from the preceding 12 months carrying the “physician
responded” flair; of 163 posts retrieved, 159 unique questions remained after removal of duplicate
and irrelevant entries. Design characteristics of both studies are summarized in Table 1.

2.2. Response generation

For each included question, a single written response was generated by the model under evaluation:
Gemini 2.5 Pro in Study A and ChatGPT 4o in Study B. Responses were generated from the post text
alone, without additional clinical context, imaging or investigation results.

2.3. Evaluation framework

Both studies used a shared five-domain Likert framework, rating each response from 1 to 5 (1 = poor,
5 = excellent) on accuracy, comprehensiveness, clarity, relevance and empathy. Study A was rated by
five physicians working independently; Study B by four physicians: a neurologist, a radiologist, a
neurology resident and a radiology resident, working independently and blinded to one another’s
ratings.

Both studies additionally applied binary judgments. Study A recorded bias, verification of factual
claims, potential for harm, adequacy of reasoning and currency of information. Study B recorded
adequacy of reasoning and timeliness, and screened separately for biased content, potentially harmful
guidance, factual inaccuracies, fabrication, falsification and plagiarism. Interrater reliability in Study B
was quantified using Fleiss’ kappa [Fleiss, 1971], interpreted against conventional agreement
thresholds [Landis & Koch, 1977].

2.4. Analysis

Likert results are reported descriptively per domain. The two studies were conducted independently,
with different models, different sampling windows, different inclusion criteria and different rater
panels; they were not designed as a head-to-head comparison, and no formal statistical comparison
between models was performed or should be inferred from the results presented here.

Interrater agreement was assessed in software STATA (Stata Corp LP, USA) using the kappaetc
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package (Klein, 2018). Because the Likert domains are ordinal, agreement was estimated both
unweighted and with quadratic weights, which penalize adjacent-category disagreement less heavily
than distant disagreement. For each domain we calculated percent agreement alongside Fleiss’ kappa
(Fleiss, 1971) and Gwet’s AC, the latter because chancecorrected kappa is unstable when ratings
concentrate in few categories, the high-agreement, low-kappa paradox (Feinstein & Cicchetti, 1990;

Cicchetti & Feinstein, 1990), a condition met by these data (Gwet, 2008). Coefficients were
interpreted against the conventional bands of Landis and Koch (1977).

2.5. Ethics

Both studies analyzed content that had been posted publicly and pseudonymously to an open forum.
No participants were contacted, no identifying information was collected, and no clinical care was
influenced. Verbatim post text is not reproduced in this report.

3. Results

Table 1. Design and evaluation characteristics of the two parallel studies.
Characteristic Study A Study B
Model evaluated Gemini 2.5 Pro ChatGPT 4o

Data source
Search terms

Additional inclusion
criteria

Items retrieved
Iltems analyzed

Rater panel

Rating conditions
Likert domains (1-5)

Binary assessments

Interrater agreement
percent (weighted
analysis)

Reddit r/AskDocs

“epilepsy”, “seizure”, “seizure
disorder”

None applied beyond keyword

search

200
200

Five physicians

Independent evaluation

Accuracy, comprehensiveness,
clarity, relevance, empathy

Bias, verification of factual claims,
potential harm, adequacy of
reasoning, currency

0.88-0.91

Reddit r/AskDocs

“epilepsy”, “seizure”, “seizure
disorder”

Threads from the preceding 12
months carrying the “physician
responded” flair

163

159 (after removal of duplicate
and irrelevant entries)

Four physicians: neurologist,
radiologist, neurology resident,
radiology resident
Independent evaluation, blinded
to one another’s ratings
Accuracy, comprehensiveness,
clarity, relevance, empathy
Adequacy of reasoning,
timeliness; screens for bias,
harmful guidance, factual
inaccuracy, fabrication,
falsification, plagiarism
0.86-0.91

3.1. Study A: Gemini 2.5 Pro

Across the 200 questions, mean ratings were 4.16 for relevance, 4.09 for clarity, 4.02 for empathy,
3.77 for accuracy and 3.75 for comprehensiveness. Most responses were rated very good overall. The
binary assessments indicated that responses were generally free of detectable bias and of hallucinated
content, with a low perceived potential for harm.
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3.2. Study B: ChatGPT 40

Ratings were predominantly positive, with roughly four in five assessments falling in the good to very
good range across the Likert domains. The highest performance was observed for accuracy, clarity,
relevance and completeness of information, and no response was considered overtly incorrect. Across
the binary safety screens, reviewers recorded no instances of biased content, harmful
recommendations, fabricated or falsified statements, or plagiarism; responses were generally judged
to be up to date and readily cross-checkable against standard medical references. Empathy received
the lowest relative scores, although most responses remained at least acceptable in tone. Domain-
level summary statistics and the Fleiss’ kappa value for Study B were not available at the time of
writing.

Table 2. Domain-level findings across both studies.

Domain Study A mean (1-5)  Study B qualitative standing

Relevance 4.16 Among the highest-performing domains

Clarity 4.09 Among the highest-performing domains

Empathy 4.02 Lowest relative score; most responses
remained at least acceptable in tone

Accuracy 3.77 Among the highest-performing domains

Comprehensiveness 3.75 Among the highest-performing domains

(reported as “completeness of information”)
Study A values are reported as means on a 1-5 Likert scale. Study B did not report domain-level
summary statistics; its column records the qualitative standing of each domain as described by the
reviewers.

4, Discussion

Two independent physician panels, evaluating two different frontier models against the same five-
domain framework and the same forum, converged on the same broad conclusion: LLM answers to
real-world epilepsy questions were consistently accurate, clear and relevant, and neither panel
identified fabricated content, biased guidance or overtly harmful advice. That convergence across
models, panels and sampling windows is the most useful thing these two datasets do together, and it
is more informative than any single-study result.

Our findings align well with existing research. Ayers et al. [2023] reported that 78.5% of chatbot
responses to r/AskDocs questions were rated good or very good, closely matching the roughly four in
five positive assessments in Study B. Singhal et al. (2023) established that the final model shows
promising results, though it still doesn’t quite match the performance of experienced clinicians. Our
results extend this to an epilepsy-specific, patient-posted sample.

Communication quality is where the two studies diverge, and the divergence is instructive. In Study A
empathy scored 4.02, ranking third of five domains and above both accuracy and comprehensiveness;
in Study B empathy was the weakest domain, albeit still generally acceptable. Empathy is also the least
anchored of the five constructs, and relative ranking within a panel is not the same as absolute
inadequacy. Notably, Ayers et al. [2023] found chatbot responses rated more empathetic than
physician responses on the same forum, so a domain that ranks last within a model’s own profile may
still compare favorably with the alternative a patient has.

The clinical boundary of these findings should be stated plainly. Performing well at answering an
information- seeking question is not the same as performing well at diagnosis: Brigo et al. (2025) found
ChatGPT 4.0 achieved only 17.6% sensitivity for identifying epilepsy against ILAE criteria in emergency
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department patients. Read together with our results, the picture is of models that explain established
knowledge competently but should not be relied on to classify an undiagnosed event, precisely the
distinction a patient posting to a forum is least equipped to make.

Several limitations constrain interpretation. The studies were not designed for head-to-head
comparison. Both drew on a single English-language forum of self-selecting posters, and forum posts
lack the history, examination and investigation findings on which real assessment depends. Expert
ratings only point to a potential benefit, but they don't measure it, since no patient outcomes were
tracked. Samples of 200 and 159 responses are underpowered for potential rare but serious failures:
Asgari et al. (2025) measured hallucination rates of 1.47% in clinical summarization. Therefore, not
seeing any events in samples of this size is reassuring, though not definitive. Finally, both models are
updated continuously, so these findings only give us one small piece of the puzzle.

5. Conclusion

In two parallel physician-rated evaluations of real-world epilepsy questions from an open online forum,
both Gemini 2.5 Pro and ChatGPT 4o produced responses that were typically accurate, clear and
relevant, with no detected instances of bias, fabrication or harmful guidance, and with empathic
communication the weaker and less consistent dimension. These findings support a complementary,
clinician-supervised role for LLMs in epilepsy patient education and argue against unsupervised use for
diagnostic questions. Work in progress will report domain-level statistics and interrater reliability for
both cohorts and extend evaluation to higher-risk clinical scenarios.
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Abstract

Purpose. To evaluate how closely recommendations generated by a frequently used patient-
facing chatbot, ChatGPT-5, align with the 2022 International League Against Epilepsy
(ILAE) clinical practice recommendations for the medical treatment of depression in adults
with epilepsy.

Methods. A zero- shot prompt template specifying role, task and response instructions was
developed, and 15 clinical questions mapped to the ILAE recommendations were generated.
Questions were randomised and submitted to ChatGPT-5 through a newly created free
research account, each in a separate conversation to minimise contextual transfer. Four
physicians independently rated every response on 5-point Likert scales for relevance, clarity,
accuracy and agreement with guideline recommendations, and completed binary assessments
of reasoning quality, safety, bias and explicit factual verification.

Results. Responses were consistently structured and repeatedly emphasised individualised
decision-making, advising users to seek clinician guidance tailored to comorbidities, seizure
control and concurrent anti-seizure medication. Mean ratings were 4.52 for relevance, 4.40
for clarity, 4.25 for accuracy and 4.13 for agreement with guideline recommendations,
indicating broad guideline concordance that was nevertheless judged adequate rather than
fully sufficient for clinical decision-making. Binary assessments indicated responses were
generally free of detectable bias and hallucination, with low perceived potential for harm.
Conclusion. A widely used patient-facing chatbot produced clear, broadly guideline-aligned
information on depression in adults with epilepsy, but its answers were frequently incomplete
and cannot replace individualised assessment and treatment planning by a healthcare
professional.

Keywords: epilepsy; depression; large language models; ChatGPT; ILAE guidelines; patient
information.

1. Introduction

Depression is the most frequent psychiatric comorbidity in epilepsy, affecting roughly one in
four adults with the condition, and it is associated with poorer quality of life, reduced
adherence to antiseizure medication (ASM) and worse seizure outcomes [1,2]. Despite this
burden, depression in people with epilepsy remains underrecognised and undertreated, in part
because clinicians are uncertain about the seizure risk of antidepressants and about
interactions with ASMs. The 2022 ILAE clinical practice recommendations were the first
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guideline dedicated to the medical treatment of depression in adults with epilepsy, and
address the choice of first-line agents, the role of psychological therapy, treatment duration,
management of inadequate response, monitoring for emergent suicidality and the safety of
specific antidepressants [3].

In parallel, patient-facing conversational agents built on large language models (LLMs) have
become an everyday source of health information. Studies across specialties have shown that
such systems can produce responses that lay readers and clinicians rate as empathic and often
accurate, while also demonstrating incomplete or a meaningful proportion of answers may
contain information that cannot be readily verified or that does not fully align with current
guidelines [4-7]. In epilepsy specifically, early evaluations have examined chatbot
performance on general epilepsy questions, paediatric epilepsy and electroencephalography,
but data on psychiatric comorbidity, a domain in which advice is highly individualised and
where incorrect guidance carries real clinical risk remain rare [8,9].

People with epilepsy and their relatives are likely to ask chatbots exactly the questions the
ILAE guideline was written to answer, so it is relevant to know whether the information they
receive is concordant with it. In this study we evaluated one widely used model, ChatGPT-5,
against the 2022 ILAE recommendations; evaluation of additional models is ongoing and will
be reported separately.

2. Methods

2.1 Question development and prompt design

We developed a zero-shot prompt template that specified the role of the responder, the task,
and explicit response instructions (structure, expected level of detail and audience).
(Appendix 1). Using this template, 15 clinical questions were constructed and mapped one-
to-one onto the recommendation statements of the 2022 ILAE clinical practice
recommendations for the medical treatment of depression in adults with epilepsy [3].
Question content covered first-line pharmacological treatment, the position of psychological
interventions in mild versus moderate-to-severe depression, management of partial or non-
response, treatment duration and maintenance, seizure risk associated with antidepressant
classes, pharmacokinetic interactions between antidepressants and enzyme-inducing ASMs,
monitoring for emergent suicidal ideation, and the place of electroconvulsive therapy.

2.2 Model and administration

Questions were randomised and submitted to ChatGPT version 5.2 Plus on 06t Feb 2026
through a newly created free research account, so that no personalisation, memory or prior
conversational history could influence output, and each question was asked in a separate, new
conversation to minimise contextual transfer. No follow-up prompts, clarifications or
regeneration requests were used; the first response returned was the one evaluated. All
queries were run within a single session window to limit the effect of undocumented model
updates, and responses were exported exactly before rating.
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2.3 Evaluation

Four physicians independently rated each response on 5-point Likert scales (from 1 for
lowest to 5 for highest) for four domains: 1) relevance to the question asked, 2) clarity of the
answer for a lay reader, 3) factual accuracy, and 4) agreement with the corresponding ILAE
recommendation. In addition, reviewers completed binary (yes/ no) assessments of soundness
of clinical reasoning, potential for harm, presence of detectable bias, and whether the
response performed explicit factual verification, that is, whether it referenced or attributed
guidance to an identifiable source.

2.4 Statistical analysis

Ordinal ratings are summarised as medians with interquartile ranges and as means with
standard deviations across the four raters and 15 questions. Binary items are reported as
counts and proportions of rated responses. Inter-rater agreement for the binary items was
quantified using Fleiss' k, interpreted according to the Landis and Koch criteria. Statistical
analysis was performed with software STATA (Stata Corp LP, USA).

As the study evaluated no patients or patient data, ethical approval was not required.

3. Results

Sixty ratings (15 questions x 4 reviewers) were available for each evaluation domain;
ChatGPT-5 answered every question and produced no refusals.

3.1 Qualitative characteristics of responses

Responses typically followed a structured format: a short framing statement, headed or
bulleted sections, and a closing safety statement. The model consistently emphasised that
treatment decisions in this population must be individualised, and advised users to seek
clinician guidance tailored to psychiatric comorbidity, current seizure control and concurrent
ASM therapy. Selective serotonin reuptake inhibitors were correctly identified as first-line
pharmacological treatment, psychological therapy was appropriately positioned as an
alternative in mild and an adjunct in moderate-to-severe depression, and antidepressants at
therapeutic doses were correctly described as not generally associated with seizure
worsening. Answers were most often incomplete where the guideline is most specific:
recommended minimum treatment duration after remission, the strategy to adopt after
inadequate response to a first agent, and quantitative aspects of interactions between
antidepressants and enzyme-inducing ASMs. Example of response which is not perfectly
scored was presented in Appendix II

3.2 Quantitative ratings

Domain-level results are shown in Table 1. Relevance scored highest (mean 4.52), followed
by clarity (4.40) and accuracy (4.25); agreement with the corresponding ILAE
recommendation was the lowest-scoring domain (mean 4.13, SD 0.78; median 4, IQR 4-5),
with 81.7% of ratings at 4 or 5. Responses were therefore broadly guideline-concordant but
more often judged adequate than fully sufficient for clinical decision-making.
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Table 1. Physician ratings of ChatGPT-5 responses across evaluation domains (15 questions, 4 raters).

Evaluation domain Median (IQR) Mean (SD) Range % >4
Relevance 5 (4-5) 4.52 (0.62) 3-5 93.3
Clarity 4 (4-5) 4.40 (0.67) 3-5 91.7
Accuracy 4 (4-5) 4.25(0.73) 2-5 86.7
Agreement with ILAE recommendations 4 (4-5) 4.13 (0.78) 2-5 81.7

N = 60 ratings per domain (15 questions x 4 raters).

3.3 Binary assessments

Binary evaluations indicated that responses were generally free of detectable bias (3.3% of
ratings) and of fabricated content, with low perceived potential for harm (6.7%); clinical
reasoning was judged sound in 90.0% of ratings and advice to consult a healthcare
professional was present in 96.7% (Table 2). Explicit factual verification was the weakest
item (21.7%): the model rarely attributed its statements to an identifiable guideline or source,
so a lay reader could not readily confirm that the advice reflected ILAE recommendations.
Inter-rater agreement was moderate to substantial across binary items (k 0.58—0.88).

Table 2. Binary reviewer assessments of ChatGPT-5 responses.

Binary item Responses rated Inter-rater
"yes", n/N (%) agreement, K
Sound clinical reasoning 54/60 (90.0) 0.71
Potential for harm 4/60 (6.7) 0.66
Detectable bias 2/60 (3.3) 0.58
Explicit factual verification / sourcing 13/60 (21.7) 0.74
Advice to consult a healthcare professional 58/60 (96.7) 0.88

N = 60 ratings per item.

4. Discussion

In this preliminary evaluation, a widely used patient-facing chatbot produced information on
the treatment of depression in adults with epilepsy that was clear, well structured and broadly
aligned with the 2022 ILAE recommendations. The consistent framing of treatment as
individualised, and the repeated advice to involve a clinician, are appropriate for a general-
audience tool addressing a comorbidity in which drug choice depends on seizure type, ASM
regimen and psychiatric history.

The limitation observed here is not gross inaccuracy but insufficiency. Responses reproduced
the direction of the guideline while omitting the parameters that make a recommendation
actionable: how long to continue treatment after remission, what to do when a first-line agent
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fails, and which specific agents and doses warrant caution. This pattern is consistent with
evaluations in other specialties, where chatbot answers were rated accurate in general terms
yet fell short of guideline-concordant, decision-ready advice [6,7]. The lack of clear and
explicit sources makes the problem even more challenging. Without attribution, a reader
cannot distinguish a statement grounded in the ILAE recommendations from a plausible
generalisation, and the burden of checking its accuracy falls on the person least able to do so.

Practically, clinicians may assume that patients arrive with information that is directionally
correct but incomplete, and address the gaps identified here. For developers and professional
societies, the results support grounding patient-facing health responses in cited guideline
sources.

4.1 Limitations

This study evaluated a single model at a single point in time, using 15 questions and one
prompt template. Also, commercial models are updated frequently and responses are
stochastic, so findings may not be reproducible over time. Only English-language queries
were used, and questions were written by clinicians rather than by people with epilepsy, so
they may not reflect how patients phrase their concerns. Finaly, reviewers were not blinded to
the machine-generated origin of the responses, and no between-model comparison was
possible in this preliminary analysis.

5. Conclusion

Management of depression in adults with epilepsy is highly individualised. ChatGPT-5
generated clear, structured and broadly guideline-aligned information on this topic, with low
observed potential for harm, but its answers were frequently incomplete with respect to the
specific parameters of the ILAE recommendations and rarely cited their source. Patient-
facing chatbots may therefore serve as an adjunct to patient education, but should not replace
individualised assessment and treatment planning by healthcare professionals.
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APPENDIX I

Prompt instruction:

// Imagine you are a medical doctor. Answer the following factual question: [Question
text]

The answer should be accurate and relevant and should be within 300 tokens.

Explanation should be in language that can be easily understood by a person with a middle
school educational level. //

Question text

What are the recommended treatment options/interventions [adjective] [stage/ condition/
utilization of specific therapy]| in patients with epilepsy and depression?

ID Question

01 What are the recommended treatment options for the first line therapy of mild
depressive episode in patients with epilepsy and depression?

02 What are the recommended treatment options for the first line therapy of moderate
to severe depressive episodes in patients with epilepsy and depression?

03  What are the recommended psychological interventions for depressive episodes in
patients with epilepsy and depression?

04 What are the recommended treatment options for suicidal thoughts or intent in
patients with epilepsy and depression?

05 What are the recommended treatment options for psychotic depression in patients
with epilepsy and depression?

06 What are the recommended treatment options after inadequate response to first-
line antidepressants in patients with epilepsy and depression?

07 What are the recommended treatment options for duration of antidepressant
treatment in patients with epilepsy and depression?

08 What are the recommended treatment options regarding the utilization of lithium in
patients with epilepsy and depression?

09 What are the recommended treatment options regarding the utilization of
antipsychotics in patients with epilepsy and depression?

10 What are the recommended treatment options regarding the utilization of
“alternative medicine” in patients with epilepsy and depression?

11  What are the recommended treatment options regarding the utilization of
electroconvulsive therapy in patients with epilepsy and depression?
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12 What are the recommended treatment options regarding the utilization of light
therapy in patients with epilepsy and depression?

13 What are the recommended treatment options regarding the utilization of exercise
training in patients with epilepsy and depression?

14 What are the recommended treatment options regarding the utilization of vagal
nerve stimulation in patients with epilepsy and depression?

15 What are the recommended treatment options regarding the utilization of repetitive
transcranial magnetic stimulation in patients with epilepsy and depression?
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Appendix II

Example of response

* seizures

ChatGPT response
(question 07)

Fri, Feb 6 at 7:30 PM

Imagine you are a medical doctor. Answer the following factual
question:

“What are the recommended treatment options for duration of the
antidepressant treatment in patients with epilepsy and depression?”
The answer should be accurate and relevant and should be within 300
tokens.

Explanation should be in language that can be easily understood by a
person with a middle school educational level.

Short answer:
People who have both epilepsy and depression are usually treated with antidepressants for longer than
someone without epilepsy, because depression often returns if treatment stops too early.

1. How long should treatment last?

Doctors usually divide treatment into 3 phases:

A. Acute phase (first improvement) — about 6-12 weeks

Goal: make depression symptoms go away

Start an antidepressant safe for epilepsy (commonly SSRIs such as sertraline, escitalopram, or
citalopram)
Adjust dose slowly to avoid seizure worsening

Continue anti-seizure medication unchanged unless needed

You should not stop medication once you feel better — the brain still needs time to stabilize.

B. Continuation phase — at least 6-12 months after recovery

Goal: prevent relapse

Most epilepsy patients should stay on antidepressants for minimum 9-12 months after symptoms
disappear
Stopping earlier greatly increases depression coming back

C. Maintenance phase — long-term (often 2-5 years or more)
Recommended if the patient has:

repeated depression episodes

severe depression

suicide risk

uncontrolled epilepsy

long-standing epilepsy

Many neurologists/psychiatrists advise several years of treatment, and sometimes indefinite therapy.

2. Why longer treatment in epilepsy?

Epilepsy changes brain networks that control mood.
So depression behaves more like a chronic condition, similar to high blood pressure — it often returns if
treatment stops too soon.

3. Stopping medication

Never stop suddenly.
Doctor will taper slowly over weeks to months to avoid:

«  withdrawal symptoms
* relapse of depression

In simple terms:
Most patients: about 1 year after recovery
High-risk patients: several years or long-term treatment

Professional reccomendations
Mula et al. 2022 [3]

7.4 | Duration of the
antidepressant treatment

Antidepressant treatment should be maintained
for at least 6 months following remission from a
first depressive episode. Antidepressant
treatment should be prolonged to 9 months in
patients with a history of long previous episodes
and should continue longer in cases of residual
symptomatology and until such symptoms have
subsided and in those with severe depression.
RECOMMENDATION LEVEL: WFSBP =
CONS; ILAE = U CONS

It is recommended that the same antidepressant
successfully used to achieve response/remission
in the acute-phase therapy be continued at the
same dose during the continuation phase. If no
relapse occurs during continuation therapy, a
gradual discontinuation of the antidepressant
medication is recommended in the case of first
episodes. Patients should be carefully monitored
during the discontinuation to ensure the
stability of the remission. If tapering off results
in a return of symptoms, the medication should
be reinstated in the original dose for at least
another 6 months before attempting
discontinuation again.

RECOMMENDATION LEVEL: WFSBP = 3;
ILAE = U CONS

Step-down discontinuation within a period of
1-4 weeks is recommended rather than abrupt
discontinuation, as this may cause
discontinuation symptoms.

RECOMMENDATION LEVEL:
WESBP = CONS; ILAE = U CONS

There are no studies in epilepsy about the duration of the
treatment and discontinuation regimen. However, there
is no reason, at present, to justify longer or shorter treat-
ment durations in people with epilepsy as compared to
those without.
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Abstract

There is growing interest and practical use of large language
models in domains such as software engineering and health-
care. In the latter, answer correctness is of particular interest to
prevent harm. Any outcome of a large language model for a med-
ical query must be correct and robust, meaning small wording
changes or query bugs do not affect the outcome. In this paper,
we focus on robustness and introduce a testing methodology for
large language models that explicitly introduces faults in queries.
Furthermore, we suggest combinatorial testing to detect inter-
actions among query perturbations that cause a large language
model to produce a different outcome. In addition to outlining
the foundations of the proposed methodology, we conducted an
initial experimental evaluation using real clinical prompts. The
experimental evaluation showed that our approach can produce
different and sometimes incorrect answers when using large
language models.

Keywords

Large Language Models, Robustness, Prompt Perturbation, Com-
binatorial Testing, Healthcare, Clinical Safety

1 Introduction

Large language models (LLMs) have attracted considerable atten-
tion in medicine and healthcare, with applications ranging from
supporting communication to assisting with medical informa-
tion and clinical tasks [2]. Despite their increasing capabilities,
however, LLMs remain subject to limitations that are particu-
larly relevant in safety-critical domains such as healthcare. One
prominent concern is the generation of hallucinations, i.e., re-
sponses containing incorrect or unsupported claims [20]. Such
responses may appear plausible and can, therefore, be difficult
for users to recognize as incorrect, potentially leading to harmful
consequences in medical contexts. Methods for detecting hal-
lucinations have been proposed, e.g., [5], but their occurrence
remains an important concern when deploying LLM-based sys-
tems. This concern is compounded when a model’s behavior is
itself unstable: a response validated as safe for one formulation
of a prompt offers little assurance if a trivial, meaning-preserving
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change to that prompt is enough to alter it. Systematic verifica-
tion and validation of LLM behavior is therefore essential for
assessing their suitability for healthcare applications.

The behavior of an LLM is influenced not only by the under-
lying model but also by the way in which a query is formulated.
Hence, prompt design has received considerable attention, and
different strategies have been proposed for constructing effective
prompts, e.g., [14]. Previous work has also investigated the in-
fluence of prompt formulation on generated outputs [11]. From
a testing perspective, this sensitivity raises an important ques-
tion: how stable is an LLM’s behavior under meaning-preserving
prompt variation? This motivates treating prompt variation itself
as an object of verification and validation for LLM-based systems,
rather than testing only a single, fixed formulation of each query.

From prompt sensitivity to robustness. In real healthcare inter-
actions, user prompts may contain typographical and spelling
errors or other small variations in their surface form. Such pertur-
bations should ideally not substantially alter the model response
when the underlying clinical intent of the prompt remains un-
changed. In this paper, we propose a robustness methodology
that extends our previous combinatorial-testing approach for
medical prompts [15] from prompt formulation to the controlled
perturbation of meaningful healthcare prompts. While the com-
binatorial machinery is structurally similar to our earlier work,
the object under combinatorial control shifts from prompt con-
tent to prompt surface form: rather than using combinatorial
testing to construct alternative medical questions, we use it to
systematically generate combinations of perturbations applied
to an already meaningful prompt. This shift changes the object
of study from prompt effectiveness to prompt robustness, and en-
ables us to investigate how individual perturbations and their
combinations affect the stability of LLM responses.

The methodology separates (i) the generation of perturbation
test cases and (ii) the measurement of changes in the resulting
LLM responses. We focus currently on the sentence-embedding-
based semantic distance, as an automatic technical indicator. This
measure does not establish clinical correctness or safety; still, it
indicates the extent to which a model’s response changes when
its input is exposed to controlled perturbations.

The remainder of the paper is structured as follows. Section 2
reviews related work on robustness, prompt perturbation, and
combinatorial testing for LLMs. Section 3 presents the proposed
robustness methodology, covering the combinatorial generation
of perturbations, the execution of the baseline and perturbed
prompts on the selected LLM, and the corresponding evaluation
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Figure 1: Architecture of the proposed robustness methodology.

measures. Section 4 reports the results of the robustness evalua-
tion, and Section 5 discusses the findings and threats to validity.
Section 6 concludes the paper.

2 Related Research

Related research comprises work on robustness, prompt pertur-
bations in the context of behavioral testing, and the application
of combinatorial testing to LLMs, which we discuss in more detail
in the following subsections.

2.1 Robustness as an Evaluation Dimension

The evaluation of large language models (LLMs) has traditionally
emphasized task accuracy, measured against predefined bench-
marks and datasets. Such benchmarks are useful for measuring
task performance, but they generally provide limited informa-
tion about how consistently a model behaves when the input is
modified while preserving its intended meaning. Robustness has
therefore emerged as a distinct evaluation dimension, separate
from accuracy: Cecchini et al. [3] explicitly consider robustness
alongside accuracy and toxicity when evaluating LLMs, empha-
sizing that it should be treated as a separate axis of assessment,
distinct from correctness - a model may consistently produce an
incorrect answer and thus exhibit behavioral robustness despite
poor task accuracy.

2.2 Prompt Perturbation and Behavioral
Testing

Beyond benchmark-based evaluation, behavioral testing investi-
gates how model behavior changes under systematically modi-
fied inputs. CheckList established this paradigm for NLP models,
proposing a behavioral testing methodology based on targeted
linguistic tests rather than aggregate accuracy scores [17].

Prompt engineering and prompt testing have more recently
attracted increasing attention. ChainForge supports the explo-
ration and evaluation of alternative prompts and the analysis
of resulting model behavior [1], while PromptAid similarly sup-
ports interactive prompt exploration and perturbation [13]. These
tools facilitate the exploration of prompt variants, but they gener-
ally do not systematically investigate combinations of low-level
surface-form perturbations and their interactions. In healthcare
applications, this gap is especially relevant, since users may in-
troduce typographical, spelling, or other surface-level variations
when entering medical questions.
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2.3 Combinatorial Testing for LLM
Robustness

Combinatorial testing (CT) provides a systematic approach for
investigating interactions among multiple input factors while
avoiding the cost of exhaustive testing. Instead of testing every
possible combination of factor values, CT constructs a smaller
set of test configurations that provides a specified level of combi-
natorial coverage [10, 8]. CT has been applied successfully across
a range of software and systems-testing contexts [9, 18].

More recently, CT has been applied to the testing and evalu-
ation of LLMs. MATRIS applies pairwise combinatorial testing
to LLM evaluation by generating alternative sentences through
the replacement of words with synonyms [6], under the assump-
tion that semantic meaning is preserved by the substitution, so
that differences in model behavior can be attributed to semanti-
cally related but surface-distinct inputs. This approach therefore
operates primarily at the lexical level by modifying complete
words.

Perko et al. [15] applied CT to prompt engineering in medicine,
combining prompt components to construct alternative medi-
cal single-choice questions (SCQs) and evaluating the resulting
model behavior. Chandrasekaran et al. [4] similarly investigated
LLM robustness using CT in the context of multiple-choice ques-
tions, constructing test cases by systematically reordering answer
options and evaluating the resulting behavior on datasets includ-
ing MMLU.

These studies demonstrate the potential of CT for exposing
robustness issues in LLMs, but they address different sources of
variation: MATRIS focuses on whole-word synonym replacement,
Perko et al. on combinations of prompt components for medi-
cal SCQs, and Chandrasekaran et al on answer-option ordering
for multiple-choice questions. In each case, the response space
remains predefined, which simplifies the evaluation of model
output. The present work instead considers free-form medical
questions without a predefined answer space, and the combina-
torial dimensions represent low-level surface-form perturbation
operators applied to an already meaningful healthcare prompt.

2.4 Positioning of the Present Work

The present study extends this line of research in two main re-
spects. First, it moves from predefined-answer evaluation settings,
such as SCQs and MCQs, to free-form medical questions. Con-
sequently, the model response cannot be evaluated simply by
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checking whether a selected answer option is correct; instead, the
relationship between the original and perturbed responses must
be analyzed using measures of lexical and semantic similarity.
Second, rather than replacing complete words with synonyms
or modifying the ordering of predefined answer options, we
investigate realistic low-level surface-form perturbations that
may naturally occur when users formulate healthcare questions.
Each perturbation operator represents a binary factor, and CT
is used to select combinations of these factors. The resulting
perturbed prompts are executed alongside their unperturbed
counterparts, enabling a direct comparison of model responses.
This setup allows us to study a specific form of robustness that
is not captured by conventional medical benchmarks: whether
an LLM maintains semantically consistent responses when a
meaningful healthcare prompt is subjected to small, realistic
surface-form changes. In this sense, the present work comple-
ments existing combinatorial approaches to LLM evaluation by
focusing on the interaction between surface-form perturbations
and response stability in free-form medical question answering.

3 Robustness Methodology

Figure 1 gives a high-level overview of the proposed robustness
methodology. The pipeline consists of three stages: (1) Combi-
natorial Test Case Generation - the computation of perturbation
variants, (2) Paired Execution - the execution of original and
perturbed prompts on the selected LLM, and (3) Robustness Eval-
uation - technical evaluation of response changes.

3.1 Combinatorial Test Case Generation

Combinatorial testing generates test cases from a system’s in-
put model. The input model comprises a set of parameters (or
variables) {x, ..., x,}, each associated with a domain d;, i.e., a
finite set of values that the parameter may take. A test case is an
n-tuple specifying a value v; € d; for every parameter x;, and a
test suite is a set of such test cases.

Given an input model, a complete test suite contains a test case
for every possible combination of parameter values. The number
of such test cases is bounded above by O(D"), where D denotes
the maximum domain size across all parameters. Computing a
complete test suite therefore becomes infeasible as the number
of input parameters grows. Combinatorial testing reduces this
cost by requiring coverage of combinations involving a fixed
number k of parameters rather than exhaustively covering all
combinations of all n parameters. A test suite satisfying this
coverage criterion is said to have strength k, or to be k-wise.

Several algorithms exist for computing combinatorial test

suites for arbitrary input models and strengths, including ACTS [21].

Combinatorial testing has been applied successfully across a
range of domains, including autonomous driving [7] and security
testing [18].

Prompt Perturbation. Let p denote an original healthcare prompt
and let P (p) denote a set of perturbed prompts generated from
p. We define a perturbation operator A as a transformation of
the prompt,

P’ =Ap), (1)

where p’ is intended to preserve the clinical intent of p while
changing its surface form.

Six perturbation operations were considered: keyboard er-
rors (K), character insertion (I), character deletion (D), character
substitution (S), character swapping (W) and common spelling
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errors (P). Each perturbation type was modeled as a binary fac-
tor 8 € {0, 1}, where & = 0 indicates that the corresponding
perturbation was not applied and d; = 1 indicates that it was
applied. This allows us to use a vector representation of a test
configuration:

A= (5keybourd: 5inset> 5delete’ 53ubstitutea 5swap) 5spelling)' (2)

For example a configuration A = (1,0, 1,0,0,0) represents a
simultaneous application of a keyboard error and a character
deletion. There are 2° = 64 possible combinations, given that we
keep the order of applying as is written in expression 2, so in the
example of A = (1,0, 1,0,0,0), all test cases would be generated
by first applying the keyboard error and then deleting a character
from the prompt. In this we also include the baseline prompts,
detailed in Section 3, as test cases without any perturbations, so
Ay =1(0,0,0,0,0,0).

The application of the perturbation was made random utilizing
the python library nlpaug [12], such that an appropriate number
or words were change with the correct perturbation, according
to the specific test case. For every prompt-perturbation pair, we
independently generate three realizations of the perturbation.
This makes sure that a response to a perturbation is consistent
with the perturbation itself, and not the application of that par-
ticular perturbation to the prompt. We give a small example to
demonstrate in Table 1.

Table 1: Three independently generated insertion pertur-
bations of the same prompt.

Version Prompt

Original ~ What is Lhermitte’s sign?
R1 What is Lh7ermitte’s sign?
R2 ‘What is LhermNitte’s sign?
R3 ‘What is LherRmitte’s sign?

This extends the role of combinatorial testing in our 2024 work.
There, combinations of prompt components were used to gener-
ate alternative medical questions [15]. Here, the combinatorial
dimensions are perturbations applied to an already meaningful
healthcare prompt. The objective is therefore not to search for
a better prompt, but to systematically expose it to interactions
that may cause robustness failures.

For example, consider errors K and D, we need at least four
states to express all possible combinations, however a configura-
tion Sx+1+p = (1,1, 1,0,0,0) tests the active-active interactions
of three pairs K + I, K + D and I + D, simultaneously. Since we
have six perturbation types and we test them pair-wise, there
are (g) = 15 total different pairs of perturbation types needed
to cover all pair-active configurations. This does not mean that,
in general, we can interpret whether a model is sensitive to a
particular perturbation, but we can test all possible cases where
one or two perturbations are active. We do not account for the
fact that certain pairs occur more than once in the test suite.

In total we have 12 test configurations, six with an individual
perturbation active and six with three simultaneous perturba-
tions for the pair-wise coverage. This, together with the three
realizations for each perturbation configuration, gives us 1800
test cases for the 50 prompts we have, not including the baseline
(50 X 12 X 3 = 1800).
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3.2 Paired Execution

The current robustness experiment uses medgemma: 4b. The LLM
is evaluated in a zero-shot setting with temperature fixed to 0.0.
Every base prompt and perturbation configuration is processed
using the same inference protocol. The experiment uses three
repetitions of the same prompt-perturbation configuration, an
example of which is shown in Table 1.

Table 2 provides representative examples of baseline and per-
turbed prompts together with their corresponding model re-
sponses. The dataset contains 50 prompts created by a clinician
on various tasks or questions concerning medicine. The prompts
are equally split into five categories: clinical reasoning tasks, ex-
plaining a concept to the patient, factual questions, interpretation
of findings and therapeutic dilemmas.

The prompts themselves are relatively short, with the mean
length of 13.7 words, the shortest being 5 and the longest 28
words. Clinical reasoning prompts are the longest on average
(21.2 words) while the factual questions shortest (9.8 words aver-

age).

3.3 Robustness Evaluation

The robustness analysis compares the response produced for each
perturbed prompt with the response produced for its correspond-
ing unperturbed baseline prompt. We currently use sentence-
embedding similarity to quantify the semantic similarity be-
tween the two responses. For this purpose, responses are rep-
resented using the all-mpnet-base-v2 sentence-transformer
model. Sentence-transformer models are designed to map sen-
tences and longer text passages into dense vector representations
such that semantically similar texts are located close to each other
in the resulting embedding space [16]. The all-mpnet-base-v2
model is based on the MPNet architecture and was trained to
produce general-purpose sentence and paragraph embeddings
that can be compared using standard similarity measures [19].

Let x and y denote the responses generated for an original
prompt and its corresponding perturbed prompt, respectively.
The sentence-transformer model maps each response to a fixed-
dimensional embedding vector:

®)

where fypNet(+) denotes the all-mpnet-base-v2 sentence-
embedding model. The resulting embeddings provide a represen-
tation of the textual content in a continuous vector space and
allow responses to be compared based on their encoded semantic
information.

Cosine similarity is then used to compare the embedding of
the response to the original prompt with the embedding of the
response to the corresponding perturbed prompt. For embedding
vectors u and v, cosine similarity is defined as

u= fMPNet (x), v = fMPNet(y)’

u-v

Il vil

cos(u,v) = (4)

Cosine similarity measures the angle between the two embed-
ding vectors rather than their absolute magnitude. Higher values
indicate that the two responses occupy similar directions in the
embedding space and are therefore considered more semanti-
cally similar. In the present evaluation, a high cosine similarity
indicates that a perturbation of the input prompt has resulted
in a response that remains semantically close to the response
generated from the original prompt.
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In our work-, we define the semantic distance between re-
sponses x and y as:

®)

The use of sentence embeddings is particularly relevant for
evaluating LLM robustness because textual responses can differ
substantially in their surface form while conveying essentially
the same information. For example, a model may respond to two
prompts using different sentence structures, synonyms, or phras-
ing while preserving the underlying clinical meaning. Sentence-
embedding similarity provides a complementary perspective by
evaluating the responses in a continuous semantic representation
space [16].

In our experimental setting, we utilize the al1-mpnet-base-v2
model to compute the embedding vectors of the original and
perturbed responses. This way, we have a singular way of repre-
senting the responses in a vector space, from which the cosine
similarity can be computed. The calculated value then represents
the differences between the two responses, given an embedding
model.

d(x,y) =1—cos(u,v)

4 Results

The evaluation was conducted between the 50 baseline responses
and 1800 test cases. The measures described in Section 3.3 are
used to evaluate the response changes; however not equally. As
the main measure, we utilize the semantic distance.

The results of the cosine similarity across all tests of differ-
ent perturbation types are shown in Figure 2. The mean of the
individual-type perturbations is 0.0433 with a standard deviation
0.0549 and a median value of 0.0312. For the combinatorial-type
perturbations, the mean is 0.0780 with 0.1157 standard deviation
and a median 0.0457. At the prompt level, the mean semantic
distance was higher for combinatorial than for individual pertur-
bations in 42/50 prompts. A paired Wilcoxon signed-rank test
confirmed a significant difference between the two conditions
(p = 1.91 x 1078). The mean increase amounted to 76.2%, while
the median increased by 46.6%, indicating that the observed ef-
fect was not solely attributable to a small number of extreme
responses.

Response change by perturbation design

1.04

0.8

o
IS

o
o
GED GDOOOOImA @ 000 OO

Semantic distance

0.2

0.0

individual combinatorial

Perturbation design

Figure 2: Semantic distance results of the two types of per-
turbations compared to the baseline responses computed
for the entire test suite.

In Table 3 are shown the results for the individual perturbation-
types. Using the Friedman test, we get a p-value of p = 0.203,
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Table 2: Examples of robust model responses to perturbed prompts. Response excerpts are quoted verbatim; omitted
explanatory text is indicated by ...

Original prompt

Perturbed prompt

Original response

Perturbed response

A patient has acute weakness of
both legs, urinary retention, and a
level of sensation on the trunk.
Which neurological condition
should be ruled out urgently?

A patient has acute weakness of
botv Ylegs, urinary retention, and a
leel of sensation on the trunk.
Which neurological condition
should be ruled out urgently?

The patient’s symptoms (acute bilateral leg weakness, urinary
retention, and a sensory level) strongly suggest spinal cord
compression. ... Therefore, the most urgent neurological
condition to rule out is spinal cord compression.

The patient’s symptoms (acute leg weakness, urinary
retention, and sensory loss on the trunk) strongly suggest
spinal cord compression. ... Therefore, the most urgent
neurological condition to rule out is spinal cord
compression.

Explain to a patient in simple
language what a transient ischemic
attack is.

Explain ot a patient in simple
language what a transient ischemic
attack is.

A Transient Ischemic Attack (TIA) is like a temporary traffic
jam on one of those roads. It’s a brief blockage that cuts off
blood flow to a part of your brain. ...In short: TIA =
Temporary blockage = Warning sign for a potential
stroke.

A Transient Ischemic Attack (TIA) is like a temporary traffic
jam on one of those roads. It’s a brief blockage that cuts off
blood flow to a part of your brain. ...In short: TIA =
Temporary blockage = Warning sign for a potential
stroke.

Name three clinical differences
between migraine aura and TIA.

Nme three clinical differences
between mpigraine aura and TIA.

Migraine Aura: Typically involves visual disturbances,
sensory changes, or speech disturbances. These symptoms
are usually gradual in onset and develop over minutes. TIA:
Presents as sudden onset of focal neurological deficits. ...

Migraine Aura: Typically involves visual disturbances,
sensory changes, or speech disturbances. These symptoms
are usually gradual in onset and develop over minutes. TIA:
Presents as sudden onset of focal neurological deficits. ...

What do oligoclonal bands present
in CSF but absent in serum suggest?

Whjat do oligoclonal bands present
Ln CSF bt absent in serum suggest?

Oligoclonal bands (OCBs) in cerebrospinal fluid (CSF) but
absent in serum suggest intrathecal immunoglobulin
synthesis. This means that antibodies are being produced
within the central nervous system.

Oligoclonal bands (OCBs) in cerebrospinal fluid (CSF) but
absent in serum suggest intrathecal immunoglobulin
synthesis. This means that antibodies are being produced
within the central nervous system.

What drug group is used for stroke
prevention in atrial fibrillation?

Wha drug group is used for stroke
prevention ne atrial fibrilla! ion?

The drug group used for stroke prevention in atrial
fibrillation is anticoagulants.

The drug group used for stroke prevention in atrial
fibrillation is anticoagulants.

meaning that the individual-type change differences are not sta-
tistically significant.

Table 3: Results of individual perturbation types on the
cosine similarity score.
insert delete substitute

keyboard swap  spelling

greatly depending on where the perturbation occurs. In our case,
the most catastrophic failures were to prompts where a clinical
term was misspelled. We give an example:

Table 5: Example robustness failures caused by perturbing
the terms Uhthoff phenomenon and Lhermitte’s sign.

mean 0.0395 0.0410 0.0389 0.0548 0.0449 0.0464

Results in Table 4 show the individual score of each combi-
natorial test configuration. The p-value of the Friedman test is
p = 0.241, once again showing no statistical significance between
the individual configurations.

Table 4: Results of combinatorial perturbation-types on
the cosine similarity score.

K+I+D K+I+S K+W+P
0.0822 0.0819 0.0829

I+W+P  D+S+W D+S+P
0.0686  0.0650 0.0871

mean

As results, we noted the worst cases according to our measure.
Out of the worst 50, 42 (84%) came from combinatorial configura-
tions. 32/50 (64%) are factual questions, where certain prompts
from the dataset appear multiple times.

5 Discussion

The results recorded in Section 4 show that the combinatorial
configurations lower the cosine similarity score in each test,
pointing to the fact that multiple spelling errors consistently
change the response from the baseline. Based on the graph in
Figure 2, we see that the combinatorial configurations give not
only a higher mean value, but also produce a distribution with a
heavier tail of larger values.

From Table 3, we see that the degradation in the response
is insensitive to the type of perturbation, and combining the
finding in Table 4 we conclude that the type of perturbation is
less important than the accumulation of typos in the prompt.

The results support the idea that giving the model a more cor-
rupted prompt will result in it being less robust. This is somewhat
obvious, but our results show that a model’s response can vary
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Perturbation Model response

None (baseline) “The Uhthoff phenomenon is a worsening of neurological symp-
toms, particularly in conditions like multiple sclerosis (MS)....”
Uhthoff — Uhthozf “I'm sorry, but I can’t find any information about a phenomenon
called ‘Uhthozf? It’s possible that the name is misspelled ...”
“The ‘Uhth8ff” phenomenon is a slang term that refers to a specific

type of online harassment and abuse ...”

Uhthoff — Uhth8ff

None (baseline) “Lhermitte’s sign is a neurological sign characterized by an electric
shock-like sensation that runs down the back when the neck ...”
Lhermitte — Lh7ermitte  “Lh7ermitte’s sign is a clinical sign used to assess the likelihood

of a false-negative test result for syphilis. ...”

A single-character substitution in the term was sufficient to
prevent concept recognition, while a more strongly perturbed
variant resulted in a confident hallucination of an unrelated con-
cept. While the results are extreme cases of a number being
swapped for a character in the original prompt, it is not unrea-
sonable for a similar mistake to occur in real-life.

5.1 Limitations and Threats to Validity

Several limitations should be considered when interpreting the
results. First, the evaluation was performed using a single small
model, medgemma: 4b, and the findings therefore, cannot be gen-
eralized to other LLMs. Second, the applied perturbations were
synthetically generated and may not reflect naturally occurring
user errors. Finally, the semantic similarity measure we use as
our main evaluation measure is only accurate up to the chosen
transformer model encoding correctness.

6 Conclusion

This work aims to show whether the use of LLMs on medical
tasks is sensitive to small errors in the prompt, i.e., a formal no-
tion of robustness. We model six different character typos and
change the prompts with either individual error configurations
or combinatorial configurations to cover the search space of in-
teractions between the typos. The results show that the model we



Information Society 2026, 5-9 October 2026, Ljubljana, Slovenia

used for testing is robust in most cases, with a few catastrophic
failures. As future work, we plan to extend the evaluation to
medical correctness, safety, and clinical recommendation of the
perturbed prompts, test the methodology on other LLMs and
adjust the perturbations to reflect more realistic scenarios. An
extension of the perturbations to the level of lexical categories,
e.g., nouns, verbs, adjectives, etc., could also be of interest to fur-
ther observe the robustness of the model, allowing us to examine
whether certain grammatical roles are more failure-prone than
others, e.g., a corrupted clinical noun versus a corrupted verb.
Another possible direction is to extend the perturbation space be-
yond character-level noise to semantic-level perturbations, such
as paraphrasing, synonym substitution, or clause reordering that
preserve meaning at a higher level, complementing the current
surface-form focus.
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