Superintelligenz im Gesundheitswesen

Wie intelligente Daten die
Patientenversorgung verandern

.

Dr. André Baumgart November 04, 2025

"" Handelskammer

|
il jReutschlandisehwelz Fachsymposium Gesundheitswesen | ZUrich

Ihr Wirtschaftsnetzwerk D-CH

O



oooooooooooo



Superintelligence ...

EEE=Ta ~—~ N\

ETHziirich ¥ cscs

LAION &

Large-scale Artificial Intelligence Open Network

TRULY OPEN Al. 100% NON-PROFIT. 100% FREE.

LAION, as a non-profit organization, provides datasets, tools and
models to liberate machine learning research. By doing so, we
encourage open public education and a more environment-friendly
use of resources by reusing existing datasets and models.

Re-LAION 5B release (30.08.2024)




Sgperinfelligence

B3 Hello Greeting - Public Al x + v
% chat.publicai.co/c/636494de.. ¥ ¥ % & i & O I -
(D Switzerland v + ®
Griiezi

Switzerland
» Schwizerdiitsch mode ON &
Hello! Wie cha i dir helfe? | bi do, z'froge, z'beantworte oder z'helfe, wie i cha. Was wottisch

wou?

chasch du mir di schonschti Stadt i de Schwiiz zeige?

<2/2 >

o Switzerland

-

¢ Schwizerdltsch mode ON B
Was fur es Schonheitsideal? | cha dir aber paar vo de bekanntschte oder schonschte Stadt i
de Schwiiz empféhle, wo oft vo Touriste gschéatzt warde:

1. Ziiri (Zlrich) - bekannt fiir si See, d' Altstadt, und d' Limmat

2. Bern - UNESCO-Welterbe und Bundesstadt, mit em Altstadt, wo direkt i d' Aare baut
isch

3. Luzern - am Vierwaldstattersee, mit em Chloster und em historische Stadtzentrum

4. Lausanne - am Genfersee, mitem C |, >ische Museum und schéner Ussicht uf de See

5. Lugano - im Tessin, mit em mediterranem Charme und schéner Ussicht uf de

Eine Nachricht senden

+ ¢ 0 ¢ Q

-

[ ] Swiss greeting exchange x + v1
C 25 chatgpt.com/c/69081651-e530-8... ¥ % 2L 0% D = 0
ChatGPT 5 Thinking ~ @
Griezi

Grlezi! ) Wie cha i lhne halfe hiit?

6P Lo

chasch du mir di schonschti Stadt i de Schwiiz zeige?

Thought for 22s >

Sicher! &

| de Schwiiz gilt Luzern fur viu LUt als d'schénschti Stadt - und ich wird dir die au als

erschts "zeige".
Warum Luzern?

* Postkartablick uf Vierwaldstattersee & Pilatus/Rigi
« Historeschi Altstadt mit bemalte Fassada
» Kapellbrugg & Wasserturm (ikonisch!’ ¢
* Schoni Seepromenad flr e gemiitlichi Runde
Ask anything

+ (O Thinking ~ 8 e

ChatGPT can make mistakes. Check important info. See Cookie Preferences. i
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Top 5 Spitéler i de Schwiiz (nach Yelp-Bewertige und Reputation):

1.

Kantonsspital Basel (Basel-Stadt) - Eines vo de groschte und bekanntschte Spitéler i de
Schwiiz. Bietet e breiti Palette vo medizinische Dienst und isch bekannt fiir si Forschung

und Innovation.

. Kantonsspital Ziirich (Ziirich) - E renommierts Spital mit internationalem Ruf, bsunders im

Beriich vo de Chirurgie, Onkologie und Kardiologie. Es isch Teil vo de Universitatsspital
Zrich.

Universititsspital Bern (Bern) — Bietet umfassendi medizinischi Dienst und isch bekannt
fiir si hervorragendi medizinischi Ausbildung und Forschung.

Kantonsspital Luzern (Luzern) — Bekannt fiir si hohe Qualitat i de Behandlig vo komplexe

medizinische Fall und si interdisziplindre Ansatz.

. Kantonsspital St. Gallen (St. Gallen) - Bietet e breiti Palette vo medizinische Dienst und

isch bekannt fiir si Pflegequalitdt und Patientenzufriedenheit.

Top 5 Spitiler i Diitschland (nach FOCUS Arzteliste und anderen Bewertige):

1.

Charité — Universitdtsmedizin Berlin — Eines vo de gréschte und bekanntschte Spitéler in

Europa. Bekannt fiir si Forschung und medizinischi Ausbildung.

. Universitatsklinikum Heidelberg - E filhrends Spital im Beriich vo d' Krebsforschung,

Onkologie und medizinische Forschung.

Universitétsklinikum Freiburg - Bekannt fir si Forschung und medizinischi Ausbildung,
bsunders im Beriich vo de Innere Medizin.

Universitatsklinikum Miinchen (LMU) - E renommierts Spital mit breiter Expertis in

verschidnige medizinische Fachgebiet.

. Klinikum GroBhadern (Miinchen) - Teil vom Universitatsklinikum Minchen und bekannt fir

si Krebsforschung und -behandlig. v

Eine Nachricht senden

+

2,
L

O

W

°: chatgpt.com/c/69081651-e530-832a-... ¥r % & H i

ChatGPT & Thinking ~

Sicher! Fiir e nlichteri, aktuelle Ranglist nimm i d'Newsweek/Statista “World's Best
Hospitals 2025" (Publiziert: 26. Feb 2025).

Schwiiz - Top 5 (2025)

Universitatsspital Zirich (USZ), Zirich - 91.9 %
Universitatsspital Basel (USB), Basel - 88.6 %

CHUV, Lausanne - 86.9 %

Hdpitaux Universitaires de Genéve (HUG), Genf - 85.8 %
Klinik Hirslanden Zurich, Zirich - 85.1 %

LI I

rankings.newswe.

Dutschland - Top 5 (2025)

Charité - Universitatsmedizin Berlin - 92.6 %
Universitatsklinikum Heidelberg = 90.0 %
LMU Klinikum, Minchen - 88.1 %
Universitatsklinikum Hamburg-Eppendorf (UKE) - 87.3 %
Medizinische Hochschule Hannover (MHH) - 86.0 %

I I

rankings.newswe

Wenn du wotsch, kann ich dir no d'Top-Spitaler nach Fachgebiet (z.B. Onkologie,

Kardiologie, Neuro) useziigle oder en Karte mit Reisedistanz ab dinem Ort mache.

G P Lo @ Sources
N
Is this conversation helpful so far? (% D X
Ask anything
+ @ Thinking ~ 9

ChatGPT can make mistakes. Check important info. See Cookie Preferences.



Al and Health:
State of the art?

Your Opinion.
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Explosion of Al

Google Searches

® Artificial intelligen... ® Donald Trump ChatGPT ® Taylor Swift
Field of study Search term Search term Search term
Feb 2024
Nov 2016 Dec 2022 Artificial intelligence 27 ’
Donald Trump 1
Artificial intelligence 1 Nov 2020 Artificial intelligence 10 ChatGPT \
Donald Trump 24 Artificial intelligence 2 Donald Trump 1 Taylor Swift 13 .
ChatGPT Donald Trump 12 ChatGPT .
Taylor Swift 2 ChatGPT Taylor Swift
Taylor Swift 1

W AL

10ct 2015 1 Mar 2019 1 Aug 2022



Explosion of Al

Pu bm ed ® (Artificial Intelligence) AND (machine learning) X since 2023:

Advanced Create alert Create RSS User Guide
~68k
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2018- 2022:
~ 54.5k

until 2017: ~ 13.5k Illn
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The foundation of GPT - 2017

Attention Is All You Need
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28 4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

*Equal contribution. Listing order is random. Jakob proposed replacing RNNs with self-attention and st
the effort 1o evaluate this idea. Ashish, with Tllia, designed and impl 1 the first Transf models
has been crucially involved in every aspect of this work. Noam proposed scaled dot-product attention, multi-
attention and the par: sition ion and became the other person involved in nearly of
detail. Niki designed, impl 1, tuned and evaluated less model variants in our original codebase]
tensor2tensor. Llion also experimented with novel model variants, was responsible for our initial codebase
efficient inference and visualizations. Lukasz and Aidan spent countless long days designing various parts of
implementing tensor2tensor. replacing our earlier codebase, greatly improving results and massively accelerd
our research.

Work performed while at Google Brain.

'Work performed while at Google Research.

31st Conference on Neural Information Processing Systems (NIPS 2017), Long Beach, CA, USA.
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Figure 1: The Transformer - model architecture.
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Superintelligence is not present in healthcare today.

The field is advancing through increasingly sophisticated but sfill
narrow Al systems, with ongoing research and implementation
focused on augmenting — not replacing — human expertise

Before achieving superintelligence - if wanted at all -,
we need to solve

v
What is missing and needs to be done?



Content

1. From Data to Intelligent Data
. From Models to Compound Al Systems

. From Mono-Modal to (abstracted) World Models

. From Pilot Projects to Meta-Learning Organisations
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PROBLEM

Al In healthcare remains limited by
challenges in data quality, algorithmic
bias, model interpretability and health
system integration, and the need for
robust clinical validation and regulatory

oversight.

What Artlflmal Intelllgence
Can Do, What It Can't,
and How to Tell the Difference X




Reference Architecture for Al in Medicine
Example: Perioperative and intensive care
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INTEGRATIVE FRAMEWORK OF ARTIFICIAL INTELLIGENCE IN PERIOPERATIVE MEDICINE

HEALTH CARE SERVICES

PATIENT

INTEGRATED HEALTH CARE

PATIENTEN VALUE
OUTCOME: PROMS,

JOURNEY OUTPATIENT / PREHABILLITATION ] REHABILITATION / PREMS, QOL / LIVING INDEX
[ PREPARE FOR ACUTE CARE ACUTE-INPATIENT CARE OUTPATIENT CARE
PRE-CLINICAL* CLINICAL -
[ PLANING AND GUIDEING ACUTE CARE J [ HUMAN IN THE LOOP ] [ POST-CLINICAL }
EXTENDED PERIOPERATIVE CARE rECHNICAL
PATIENT JOURNEY INTEGRATION

HIGH CARE

PERIOPERATIVE MEDICINE

OUTCOME /
PATIENT VALUE

: ADMINISTRATION MONITORING INTENSIVE- USAGE OF AI-PRODUCTS H
: '| PLANING AND CONTROL HUMAN iN THE LOOP THERAPY** OUTCOME: CROMS, MORBIDITY IN MEDICAL i
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From Data to Intelligent Data

The transformation of raw medical data into intelligent data
Involves a structured, multi-stage process that ensures data is not

only accurate and usable but also FAIR (Findable, Accessible,
Interoperable, Reusable).

This process enables effective leveraging of medical data for
clinical decision-making, research, and innovation.



Data Pipelines - FAIRification

FAIR

Findable
Accessible
Inferoperable

Reusable

FINDABLE

+ F1: (Meta)data are assigned globally unique and
persistent identifiers

« F2: Data are described with rich metadata

« F3: Metadata clearly and explicitly include the
identifier of the data they describe

« F4: (Meta)data are registered or indexed in a
searchable resource

ACCESSIBLE

= Al: (Meta)data are retrievable by their
identifier using a standardised communications
protocol

= Al.1: The protocol is open, free and universally
implementable

* Al.2: The protocol allows for an authentication
and authorisation procedure where necessary

» A2: Metadata should be accessible even when the
data is no longer available

INTEROPERABLE

+ 11: (Meta)data use a formal, accessible, shared,
and broadly applicable language for knowledge
representation

+ |2: (Meta)data use vocabularies that follow the
FAIR principles

+ |3: (Meta)data include qualified references to
other (meta)data

REUSABLE

* R1: (Meta)data are richly described with a
plurality of accurate and relevant attributes

* R1.1: (Meta)data are released with a clear and
accessible data usage license

» R1.2: (Meta)data are associated with detailed
provenance

* R1.3: (Meta)data meet domain-relevant community
L slendlerde

Source: GO FAIR - FAIR Principles (CC BY 4.0) — go-fair.org/fair-principles/



Data Pipelines - FAIRification

FAIR

Findable
Accessible
Inferoperable

Reusable

Source 1: Classical Wrist Monitor

* Raw Data:
{"systolic": 130, "diastolic": 85, "unit": "mmHg", "time": "2024-04-05T10:30:00Z", "device": "Omron HEM-7120",

"position": "seated", "cuffSize": "medium"}
e Format: Structured, standardized (FHIR 0Observation resource).

¢ Provenance: Device ID, calibration date, user ID, timezone.
Source 2: Smartphone Camera (Pulse Detection via Photoplethysmography)

« Raw Data:
{"heartRate": 72, "signal™: [1.2, 1.3, 1.1, ...], "timestamp": "2024-04-05T10:30:00Z", "device": "iPhone 14",

"app": "Blood Pressure Monitor Pro", "method": "camera-based", "position": "lying", "skinTone": "light"}
¢ Format: Unstructured time-series signal; inferred BP via Al model.

* Provenance: App version, sensor data, calibration method, user consent.

Key Difference:

» Wrist monitor - Direct measurement (clinical-grade).

* Smartphone = Indirect estimation (Al-inferred, less validated).



Data Pipelines - FAIRification

FAIR

Findable
Accessible
Inferoperable

Reusable

FAIR Artefacts & Provenance

Artifact

FHIR Observation
Provenance Metadata
Ontology Reference
Data Model
Uncertainty Flags

Persistent Identifiers

Description

Structured, machine-readable.
Who, when, how, why?
SNOMED-CT, LOINC codes
OMOP CDM or FHIR

Confidence levels, method notes

DOI for dataset, UUID for observations

FAIR Compliance

(4 Findable, Accessible, Interoperable
(4 Reusable, Interoperable

4 Interoperable

4 Interoperable

(4 Reusable

(4 Findable, Reusable

20



Data Pipelines - Contextualization

- Prompt engineering vs. context engineering
Add additional
Prompt engineering Context engineering for agents

iﬂformOﬂOﬂ .I.O for single turn queries

Context window Possible context to give model Context window

______________________

provide further | | EEEY

hel ‘I‘O Ond E Usermaean e E . i LTool][ToolJ[Tool] Ecumtioné
e : . ] ) (o]

omprehensive :

. (e

_______________

optimize the

models or

search methods.




Data Matching: Train-Validate-Test-UseContext

Inference

Train Validate Test Use Context
Pre-Train Finetine RL Learn Deployment

Generative Al

22



Data Matching: Train-Validate-Test-UseContext

Inference

Train Validate Test Use Context
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Generative Al

23



INTEGRATIVE FRAMEWORK OF ARTIFICIAL INTELLIGENCE IN PERIOPERATIVE MEDICINE

HEALTH CARE SERVICES

PATIENT
JOURNEY
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From Models to Compound Al Systems

The focus in Al is shifting from solely scaling Large Language Models (LLMs) to
building compound Al systemes.

These complex systems combine multiple components like LLMs, retrievers, and
tools to achieve superior results.

Future Al progress increasingly depends on this system-level engineering
approach.



Model Marketplace

“~ Hugging Face Search models, datasets, users... # Models - Datasets
Main Tasks Libraries Languages Licenses Models 3,266 Filter by name
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N G google/medgemma-4b-it
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[0 Backyard Al @& DrawThings [ DiffusionBee © ZJU-AT4H/Hulu-Med-78
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& Jellybox RecurseChat @ Msty
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© ZJU-ATI4H/Hulu-Med-14B
B Grog B Novita N Nebius Al % Image-Text-to-Text - .:: 15B - Updated 2 days ago 506 26
€ Cerebras SambaNova 4 Nscale
G google/medgemma-27b-text-it
© fal - H Hyperbolic Together Al Text Generation « . 27B « Updated Sep 17 25.1k 366
B Fireworks @@ FeatherlessAl Zai
[ Replicate * Cohere Scaleway G google/medgemma-27b-it

Image-Text-to-Text « .:; 29B - Updated Jul 10 19.5k 217
E PublicAl # HF Inference API WaveSpeed
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Full-text search #: Inference Available Tl Sort: Trending

MedGemma

< MedGemma

Collection of Gemma 3 variants that are trained for
performance on medical text and image comprehension.

) To use the MedGemma, please first accept the End User Licence Agreement.

Overview Use cases Documentation License

QOverview

MedGemma is a collection of Gemma 3 variants that are trained for performance on medical
text and image comprehension. Developers can use MedGemma to accelerate building
healthcare-based Al applications. MedGemma currently comes in three variants: a 4B
multimodal version and 27B text-only and multimodal versions.
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Domain  Recommended metric

M ® Model performance & AUROC/AUPRC
odel Evaluation
Precision
Recall
Fl-score

Calibration (Brier score, ECE)
Coverage/abstention rate for selective deferral
Clinical impact Patient outcomes
P rf t H Condition-specific outcomes or PROs
e O rm a n Ce m e rl C Diagnostic/triage concordance
Time to treatment or appropriate referral
Guideline-adherence delta
. . Tests/visits avoided
Human-centered metrics: Patients, HCPs Worklow oy Tok e per e
Response/turnaround time
Time-to-decision.
. Usability & adoption SUS or UMUX-Lite
B e n Ch m a rk d atasets a n d m etrl CS Perceived usefulness & ease-of-use (TAM)
NASA-TLX (task load)
% Al-assisted tasks
Clinician reported task load
Reliability & monitoring Rate of false negatives/positives
Override rates
Failure rate
Latency
Performance drift over time

MLCOMMONS DATASETS Post-deployment incident reports
Rollback frequency

Pe 0 I e,S S e e C h Deployment fidelity User adherence to intended use rates
Percentage of Al-assisted tasks

Prompt/template adherence
Version tracking
Generalizability Cross-site performance variance

Calibration curves

The MLCommons People’'s Speech dataset is among the world’s largest English speech

Safety & risk Hallucination rate (overall and clinically
recognition corpus today that is licensed for academic and commercial usage under CC- significant)

Harmful/unsafe recommendation rate
BY‘SA a nd CC—BY 40 Override rate (and appropriateness)
Near-miss and adverse event counts

Severity-weighted error index

PHI leakage or privacy breach rate
Alert-fatigue index

Artsi et. al. (2025) Large language models in real-world clinical workflows,.doi: 10.3389/fdgth.2025.1659134
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Compound Al Systems

Today, all available platforms, e.g., Gemini, ChatGPT, are compound systems!

Update System Parameters NL Feedback: “The answer should be...”

Numerical Signals: 0.37, -0.29, ...

1 e.g., LLM weights, Prompts, Topology

Compound Al System RAG

/ ’Z| module [ Learning Signals ]

User oK LLM X, LLM _ System
Query i S \ Response
\ < / ) Evaluation
Code - FOrward Pass

—p  Backward Pass
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Al in Healthcare: Model Transparency

Open vs Close
Models

EPFL ETHzirich ¥ cscs

Large-scale Artificial Intelligence Open Network
TRULY OPEN Al. 100% NON-PROFIT. 100% FREE.

LAION, as a non-profit organization, provides datasets, tools and
models to liberate machine learning research. By doing so, we

encourage open public education and a more environment-friendly

use of resources by reusing existing datasets and models.

Re-LAION 5B release (30.08.2024)
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From Mono-Modal to (absiracted) World Models

Planet

Fig. 2. Lifecycle and Key Dimensions of an Al System. Modified from OECD (2022) OECD
Framework for the Classification of Al systems — OECD Digital Economy Papers. The two inner




Mono-Modal Al

Pretraining

Knowledge learning phase

Unlabeled data sources:

» Medical literature and
textbooks

» Clinical guidelines and
research papers

« Administrative
documentation

» Educational materials
and curricula

» Operational policies
and procedures

» Healthcare industry reports

Unsupervised learning

» Self-supervised training

 Next-token prediction

- Large-scale language
modeling

+ Multi-modal pre-training

Foundation model

Fine-tuning
Domain alignment phase

Labeled healthcare data:

« Electronic health records

+ Clinical notes and

- diagnostic data

« Administrative workflows
and billing

« Educational assessments
and curricula

« Operational metrics and KPIs ->

+ Quality measures and
compliance data

« Financial and resource
allocation data

Supervised learning

« Task-specific training

- Domain adaptation

« Healthcare knowledge
integration

Domain-specific model

Reinforcement learning

Expert feedback integration

RLHF process:

« Healthcare expert evaluations

« Safety and bias alignment
« Preference learning

« Ethical compliance validation

Policy optimization

« PPO/TRPO algorithms

» Reward modeling

« Constitutional Al principles

Expert-aligned model

nature medicine

Review article https://dol.org/10.1038/241591-025-03983-2

Generative artificial intelligence in medicine
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Zhen Ling Teo®'*", Arun James Thir @, Kabil
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# | Cheok for updates

Downstream deployment

Implementation strategies:

« Further fine-tuning for institution-specific adaptation
« Prompting with healthcare examples and chain-of-

thought reasoning

Generative artificial intelligence (GAI) can automate a growing number
ofbiomedical tasks, ranging from clinical decision support to design and
analysis of research studies. GAluses machine learning and transformer
modelarchitectures to generate useful text, images and sound data

- ~ revious biomedical deep-learning
pose datasets and enormous volumes
enow suggests that GAl models may
training data—for example, using
Aoreover, Altechniques have progressed
slabel-intensive approaches, suchas
fine-tuning and reinforcement learning.
:nts, mixture-of-expert models and
:nded their capabilities to assist with
,we provide an overview of recent
explore the potential of the latest
althcare for clinicians and patients,
1sing specific examples toillustrate
rther work.

« Retrieval-augmented generation with medical on

knowledge bases

Clinical

- Diagnostic support

+ Clinical documentation
» Treatment planning

» Patient monitoring

Administration

» Policy automation

» Compliance monitoring
» Financial analysis

» Risk management

Task-integrated model

ality of healthcare processes ranging from clinical
ient self-help to administrative processes, suchas
tuling. billing and record-keeping .

stin GAl technology was initially piqued by the
guage models (LLMs), such as GPT-3.5, PaLM 2and
Jited unprecedented abilities toanswer challenging
at the level of qualified doctors*, Subsequently,
ition models (for example, GPT-5, Gemini 2.5 Pro,

Operations

» Workflow optimization

+» Resource allocation

» Quality management

» Supply-chain optimization

Medical education

« Personalized learning

« Assessment tools

+» Curriculum development
» Simulation training

Fig.1| Overview of the GAl development pipeline. The figure shows key steps from initial foundation model development to their deployment in specialized
healthcare applications across clinical care, operations, administration and medical education. KPIs, key performance indicators; PPO, proximal policy optimization;
TRPO, trust region policy optimization.



Multi-Modal Al
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World Models

NVIDIA Cosmos

Physical Al Data Flywheel

Train Downstream Model

Curate Representative Data

Criti que Filter and curate training data wrth \

NVIDIA Cosmos™ is a platform purpose-built for physical Al, featuring state-of-the-art generative world foundation models
(WFMSs), robust guardrails, and an accelerated data processing and curation pipeline. Designed specifically for real-world systems,
Cosmos enables developers to rapidly advance physical Al applications such as autonomous vehicles (AVs), robots, and video
analytics Al agents.

Cosmos World Foundation Models come in three model types which can all be customized in post-training: cosmos-predict,
cosmos-transfer, and cosmos-reason:

Type

Function

Use
Cases

Inputs

Outputs

Predict
World Generation

Predict novel future frames
given initial frames

Data Generation & Policy
Evaluation

Text, Image, Video

Video

Transfer
Multi-Controlnet

Transfer existing control frames into photoreal
frames within a video clip

Data Augmentation

Multiple Video Modalities such as RGB, Depth,
Segmentation, and more.

Video

Reason
Reasoning VLM

Reason against frames
within a video clip

Data Curation

Video & Text

Text

and Cosmos-Cu

gto
sity.

Input Data

Train a model from scratch or post-train a pre-trained
/. model. Reinforcement Learning with ¢ f

Evaluate for Data Gap

Test Policy Model on real-world tasks and identify
poor area of performance. Condition a post-trained

Predict model on Action from your Policy
mode!

Simulate 3D ground truth scenarios on NVIDIA Omniverse, CARLA,

and others. Generate synthetic data in Cosmos-Pre

2nvioia l
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From Pilot Projects to Meta-Learning Organizations

Determines a shift from isolated Al experiments (pilots) o
organizations that continuously learn how to build and / or use and
deploy Al effectively.

This results in establishing processes, feedback loops, and shared
knowledge to rapidly iterate on Al solutions, embedding learning
iInto the organizational DNA for sustained innovation across
organizational levels and team:s.



Process of Meta Learning Organization

7. Continuous embedding
and adaptation over time

2. Technology

1. CONDITION
*  Nature of condition or iliness
+  Comorbidities
*  Sociocultural factors
2. TECHNOLOGY
*  Material properties
*  Knowledge to use it
*+ Knowledge generated by it
+  Supply model
*  Who owns the intellectual property?
3. VALUE PROPOSITION
*  Supply-side value (to developer)
+ Demand-side value (to patient)
4. ADOPTERS
«  Staff (role, identity)
+  Patient (passive vs active input)
+  Carers (available, type of input)
5. ORGANISATION(S)
»  Capacity to innovate in general
* Readiness for this technology
*  Nature of adoption and/or funding decision
+  Extent of change needed to organizational
routines
*  Work needed to plan, implement and
monitor change
6. WIDER SYSTEM
*  Political/policy context
*  Regulatory/legal issues
+  Professional bodies
+  Sociocultural context
* Interorganizational networking
7. EMBEDDING AND ADAPTATION OVER TIME
+  Scope for adaptation over time
. Organizational resilience

Qi et al. 2025, Utilization of arti cial intelligence in clinical practice, DIGITAL HEALTH, Volume 11: 1-21, DOI: 10.1177/20552076251343752, journals.sagepub.com/home/dhj




Facilitator and Barriers

/

1. Strong perceptions of increased
operational efficiency

» The technology

« The organization

* The value proposition

» Embedding and adoption over time

-

3. Confidence in improved
diagnostic accuracy

« The condition
* The technology
* The value proposition

5. Perceived cost-saving potential

* The value proposition
» The organization

€

\

. Availability of Al tools that supported
clinical decision-making

The condition

The technology

The value proposition
The adopter system

1. Ethical and privacy concerns

* The technology
* The value proposition
* The wider context

2. Limited user acceptance among
clinicians or patients

* The value proposition
* The adopter system

=

J

Embedding and adoption over time j

4. Alignment with personalized
care goals

Facilitators

* The value proposition
* The adopter system

6. Enabling environments shaped by
policy, governance, and institutional
commitment

» The organization
» The wider context

/

3. Inconsistent or unvalidated
accuracy in real-world settings

* The technology
* The value proposition

Barriers

/5. Unclear accountability for Al-
driven decisions

» The value propositions
» The wider context
* Embedding and adoption over

time
\

6. Trust-related issues

+ The condition
» The technology
* The adopter system

4. Technical complexity requiring
substantial training

» The technology
* The organization

~

J

7. Inadequate infrastructure in
low-resource environments

» The technology
* The organization
* The wider context
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INTEGRATIVE FRAMEWORK OF ARTIFICIAL INTELLIGENCE IN PERIOPERATIVE MEDICINE

HEALTH CARE SERVICES

EXTENDED PERIOPERATIVE CARE

PATIENT
JOURNEY

INTEGRATED HEALTH CARE

PATIENTEN VALUE
OUTCOME: PROMS,

OUTPATIENT / PREHABILLITATION REHABILITATION / PREMS, QOL /LIVING INDEX
[ PREPARE FOR ACUTE CARE ] [ ACUTE-INPATIENT CARE ] [ OUTPATIENT CARE
PRE-CLINICAL* CLINICAL s CcAL
[ PLANING AND GUIDEING ACUTE CARE J [ HUMAN IN THE LOOP ] [ POFT-CLIM ]
. TECHNICAL
PATIENT JOURNEY NTECPATION

DATA
GENERATION &
COLLECTION

DATA &
INFORMATION
PROCESSING

3

DATA LAKEHOUSE

4

TRANSFORMATION
& PREPARATION

LEARNING &
OPTIMIZATION

Al-A

DA

INFRA

HIGH CARE

TEGRATED
SYSTEMS
FOR

PLICATION

DATA
IANALYTICS
AND
[A SCIENCE

MACHINE
LEARNING

DIGITAL
ETRUCTURE

PERIOPERATIVE MEDICINE

OUTCOME /
PATIENT VALUE

ADMINISTRATION MONITORING INTENSIVE-
PLANING AND CONTROL HUMAN iN THE LOOP THERAPY** OUTCOME: CROMS, MORBIDITY
AND MORTALITY (30 DAYS /5 YEARS),
LOS - LENGTH OF STAY,
( LAB ) MEDICATION ] RapbloLoay [ VITALS ) VENTILATION ) DELIR, COGNITIVE DISFUNCTION,
FUNCTIONAL OUTCOME (REHAB),
[ MANAGEMENT ] [ PATIENTEN GUIDEANCE ] READMISSION HOSPITAL
DOKUMENTATION, PERSONNEL, TELEMTRY, SOP/PROCESSES MONITORING, DETECTION, ALARM, THERAPY, GUIDANCE
N TECHNICAL
DEcson rECRATISN
MEDICAL INFORMATION SYSTEMS CARE DATA
[ INFRASTRUCTUR ] [ PDMS / CDSS / HIS ] [ STAND-ALONE MEDICAL DEVICES ] reaL wdbkp paTA
BAULICHE - TECHNISCHE UMGEBUNG
[ HIGH QUALITY DATA ] [ REAL WORLD DATA ] [ RESEARCH DATA ]
ERZEUGT AUS EXPERTENWISSEN + ROUTINE RESEARCH DATA

SEMANTIC DATA ANNOTATION

DATA INTEGRATION

DATA MANAGEMENT

[ DECISION-VARIABLES* } [ DATA MODEL LIBRARY ] [ METADATA ANNOTATION ]
DATA LAKE & DATA WAREHOUSE
STRUCTURED AND UNSTRUCTURED VERSIOMING & LINEAGE TRACKING, SEARCH ENGINE

FAIR - PRINCIPLES

VALIDATED ML/AI-DATA
REAL WORLD DATA &
RESEARCH DATA

EXPERIMENTATION

PRODUCTION-PIPELINES

KI-MODELL BASIS

IN SILICO OUTCOMES
PREDICTION, CLASSIFICATION
AND GENERATION OF
Al-OUTCOMES

S310NLS NOLYTNIWIS ‘SIANLS TYDINITI HOHVISIY SIAEIS HITWIH

HOYv3s3y

ONINIVEL/-NOILINA3

NOILYDNAa3

¥ VAVOHOHYISIH

IS VYT AHVONOIIS NOLDILOHS VAVT 13V I¥ SLINDOY TwoId

NOILYINO3d ANV TvD31

I¥ QIAIINID-NTHINH ONY INGO ‘TTEISNOLSTA

SJIH13

USAGE OF AI-PRODUCTS
IN MEDICAL
AND HEALT CARE

OPERATION
OF
PRODUCTS
USING Al

OF PRODUCT-
SAFETY:
Al ACT OR MDR

CONFORMITY ASSESSMENT

VALIDATED MODELS

FOR USE IN ROUTINE CARE
LAWFUL PRODUCT

DATA ENGINEERING DATASET CREATION TRAINING EVALUATION DEPLOYMENT
PROCESSING & VALIDATION, AUGMENTATION, TRAINING, VALIDATION, CONFIGURATION AND
TRANSFORMATION, SYNTHETIC DATA', FINE TUNING, EXPLAINABILITY, INSTALLATT¢
FEATURE ENGINEERING® SIMULATION® HYPER PARAMETER SEARCH SAFETY & SECURITY EDGE, CLOUD, ON-PREMISE,
INFERENCE
RUNTIME ENVIRONMENT HARDWARE INTEGRATION
CLOUD OR ON-PREM SOFTWARE AND HARDWARE INFRASTRUCTUR
[ KUBERNETES/IAAS/OBIECT STORE/OS/GPUS)

* PRE-CLINICA by

R ANRIRGSTHALINICAL RELATE TO DIFFERENT STAGES OF
** PERIOPERATIVE CLINICAL CARE PRODUSES HUGA AMOUNT OF DATA FROM LA

g iy Bk et

ATIVE, PERI-OPERATIVE AND POST-OPERATIVE
£ IMAGE 5 IMPORTANT DATA SOURCES ARE LISTED.
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Have we adlready reached
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Do we need an Al memorandum?

We urgently call for international red lines to prevent
unacceptable Al risks.

Launched during the 80th session of the United Nations General Assembly, this call has
broad support from prominent leaders in policy, academia, and industry.

300+ 10 ' 90+ 15

prominent figures former heads of state and ministers organizations Nobel Prize and Turing Award recipients

Al
RED LINES

Global Call for AI Red Lines

Read in: English Espanol Francais B93 Italiano Deutsch H#S3E Portugués Pycckun

Al holds immense potential to advance human wellbeing, yet its current trajectory presents
unprecedented dangers. Al could soon far surpass human capabilities and escalate risks such
as engineered pandemics, widespread disinformation, large-scale manipulation of individuals
including children, national and international security concerns, mass unemployment, and
systematic human rights violations.

Some advanced Al systems have already exhibited deceptive and harmful behavior, and yet
these systems are being given more autonomy to take actions and make decisions in the
world. Left unchecked, many experts, including those at the forefront of development, warn
that it will become increasingly difficult to exert meaningful human control in the coming
years.

Governments must act decisively before the window for meaningful intervention closes. An
international agreement on clear and verifiable red lines is necessary for preventing
universally unacceptable risks. These red lines should build upon and enforce existing global
frameworks and voluntary corporate commitments, ensuring that all advanced Al providers
are accountable to shared thresholds.

We urge governments to reach an international agreement on red lines for Al — ensuring
they are operational, with robust enforcement mechanisms — by the end of 2026.
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Thank you!

Dr. Andre Baumgart
Nordstrasse 15
8004 Zurich

baumgart@vzk.ch

abll@pm.me
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