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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 >

Switzerland

e Schwizerditsch mode ON &

Was fur es Schonheitsideal? | cha dir aber paar vo de bekanntschte oder schonschte Stadt i
de Schwiiz empfahle, wo oft vo Touriste gschatzt 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 schoner Ussicht uf de
Eine Nachricht senden
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chasch du mir di schénschti 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
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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 fir si Forschung

und Innovation.

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

Zirich.

fiir si hervorragendi medizinischi Ausbildung und Forschung.

medizinische Fall und si interdisziplindre Ansatz.

isch bekannt fiir si Pflegequalitdt und Patientenzufriedenheit.

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

1.

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

. Universitatsspital Bern (Bern) — Bietet umfassendi medizinischi Dienst und isch bekannt

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

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

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

Europa. Bekannt fiir si Forschung und medizinischi Ausbildung.

Onkologie und medizinische Forschung.

bsunders im Beriich vo de Innere Medizin.

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

verschidnige medizinische Fachgebiet.

si Krebsforschung und -behandlig. v

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

. Universitatsklinikum Freiburg — Bekannt fir si Forschung und medizinischi Ausbildung,

W

. Klinikum GroBhadern (Miinchen) - Teil vom Universitatsklinikum Minchen und bekannt fiir
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Sicher! Fir e niichteri, 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 %  rankings newswe

LI I

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 %  rankings.newswe

I I

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.
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Al and Health:
State of the art?

Your O pinion.



Evol uti on of A | e ?

Timeline 2

||(




Explosion of Al

Google Searches
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Field of study Search term Search term Search term
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Donald Trump 1
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Donald Trump 24 Artificial intelligence 2 Donald Trump T Taylor Swift 13
ChatGPT Donald Trump 12 ChatGPT
Taylor Swift 2 ChatGPT Taylor Swift 3

Taylor Swift 1
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Explosion of Al

Pu bm ed ® (Artificial Intelligence) AND (machine learning) X since 2023:
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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 to evaluate this idea. Ashish, with Tllia, desi 1 and impl 1 the first Transfc 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 ef
detail. Niki designed, impl 1, tuned and eval 1 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 accelers
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 still
narrow Al systems, with ongoing research and implementation
focused on augmenting N notreplacing N human expertise

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

—~———

What is missing and needs to be done?
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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 .

13



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
AND MORTALITY (30 DAYS /5 YEARS), AND HEALT CARE
i DATA LOS - LENGTH OF STAY, i
: ( LAB ) MEDICATION ] RADIOLOGY )( VITALS ) VENTILATION ) DELIR, COGNITIVE DISFUNCTION, H
: GENERATION & FUNCTIONAL OUTCOME (REHAB), i
: COLLECTION [ MANAGEMENT ] [ PATIENTEN GUIDEANCE ] READMISSION HOSPITAL i
E DOKUMENTATION, PERSONNEL, TELEMTRY, SOP/PROCESSES MONITORING, DETECTION, ALARM, THERAPY, GUIDANCE E
Dacision. e § %
H m z H
: 4 z - H
o MEDICAL INFORMATION SYSTEMS CARE DATA H " 3 OPERATION
DATA & INTEGRATED [ o {:I’Fmtyfm: e ] [ PDMS / CDSS / HIS ] [ STAND-ALONE MEDICAL DEVICES ] reAL kKD DATA B é g c?’ OF
SYSTEMS ’ orerRe & o EF 2 PRODUCTS
: INFORMATION FOR 3 z cm 9 4 g USING Al i
: » T = 2 zm H
: PROCESSING AIFAPPLICATION HIGH QUALITY DATA REAL WORLD DATA RESEARCH DATA EH ¢ s 30 x- CONFORMITY ASSESSMENT
: ERZEUGT AUS EXPERTENWISSEN + ROUTINE RESEARCH DATA 0P 5P -3 g I OF PRODUCT- H
FAIR - PRINCIPLES LR zd B za SAFETY.
SEMANTIC DATA ANNOTATION DATR INEEGRSICN S 2 z g zC § Al ACT OR MDR
: o ] 1 i
H 3 DATA MANAGEMENT g co 3 H
: N L Z g i
VALIDATED ML/AI-DATA 3 S x
DATA LAKEHOUSE DATA [ DECISION-VARIABLES® } [ DATA MODEL LIBRARY ] { METADATA ANNOTATION ] REAL WORLD DATA & H %
: ANALYTICS RESEARCH DATA g : i
E AND DATA LAKE & DATA WAREHOUSE Fl: § l
E DATA SC'ENCE [ STRUCTURED AND UNSTRUCTURED VERSIONING & LINEAGE TRACKING, SEARCH ENGINE ] E E
: & H
: @ H
. 4 EXPERIMENTATION PRODUCTION-PIPELINES l
TRANSFORMATION
& PREPARATION KI-MODELL BASIS
IN SILICO OUTCOMES VALIDATED MODELS
i PREDICTION, CLASSIFICATION FOR USE IN ROUTINE CARE H
i MACHINE DATA ENGINEERING DATASET CREATION TRAINING EVALUATION DEPLOYMENT AND GENERATION OF LAWFUL PRODUCT i
LEARNING PROCESSING & VALIDATION, AUGMENTATION, TRAINING, VALIDATION, CONFIGURATION AND Al-OUTCOMES
TRANS! IMATI * IC DATA, E NG, LS INSTALLATION
LEARNING & FEATURE EnGINEERiGT S SMULATION HYPER PARAMETER SEARCH sarerva secumry | | eoce, ELous onprese,
: OPTIMIZATION — H
RUNTIE ENVRONMENT HARDWARE INTEGRATION
CLOUD OR ON-PREM SOFTWARE AND HARDWARE INFRASTRUCTUR
: DICGITAL { KUBERNETESIAAS/ORIECT STOREAOS/GRUS) H
: INFRASTRUCTURE H

* PRE-CLINICAk (R e AN RURQRSTLINICAL RELATE TO DIFFERENT STAGES OFQ UTE Cgﬁ?aég?a%w%"l?ﬂ?o?’s RATIVE, PERI-OPERATIVE AND POST-OPERATIVE

** PERIOPERATIVE CLINICAL CARE PRODUSES HUGA AMOUNT OF DATA FROM LABSTERT3HG £ 1mA

GE 5 IMPORTANT DATA SOURCES ARE LISTED.
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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

FAIR

Findable
Accessible
Interoperable

Reusable

- FAIRIfication

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/

18



Data Pipelines - FAIRIfication

FAIR

Findable
Accessible
Interoperable

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).

19



Data Pipelines - FAIRIfication

FAIR

Findable
Accessible
Interoperable

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

Add additional
Information to

provide further

Prompt engineering vs. context engineering

Prompt engineering
for single turn queries

Context window

___________

o= (o (o) e
1 [ 1 .

Context engineering for agents

Possible context to give model Context window

_______________

1 1
: System prompt :

help to and

optimize the
models or

search methods.

1

1

' [ Tool ] [ Memory file ] :ﬁ i | Memory file
1

! 1

i omprehensive

' instructions

1 1
1 1
() (B
1 1
1 1
U ge
1

' | User messa

[

1 1
1

21



Data Matching: Train -Validate -TestUseContext

Inference

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

Generative Al
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Data Matching: Train -Validate -TestUseContext

Inference

Train

?

Pre-Train

Generative Al

Validate

f?

Finetine

Test

RL Learn

Use Context

Deployment
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INTEGRATIVE FRAMEWORK OF ARTIFICIAL INTELLIGENCE IN PERIOPERATIVE MEDICINE

HEALTH CARE SERVICES

PATIENT
JOURNEY

EXTENDED PERIOPERATIVE CARE

INTEGRATED HEALTH CARE

PATIENTEN VALUE
OUTCOME: PROMS,

OUTPATIENT / PREHABILLITATION REHABILITATION / PREMS, QOL /LIVING INDEX
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From Models to Compound Al Systems

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

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

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



Model Marketplace
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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

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

Calibration (Brier score, ECE)
Coverage/abstention rate for selective deferral
Clinical impact Patient outcomes
A Condition-specific outcomes or PROs
P e rfo rm an C e m etrl C Diagnostic/triage concordance
Time to treatment or appropriate referral
Guideline-adherence delta
. . . Tests/visits avoided
Human-centered metrics: Patients, HCPs Workllow ficiency Task tme per e
Response/turnaround time
Time-to-decision.
. Usability & adoption SUS or UMUX-Lite
B e n C h m ark d atas etS an 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!

NL Feedback: “The answer should be...”

Update System Parameters
Numerical Signals: 0.37, -0.29, ...

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

RAG

/ ’=| module [ Learning Signals ]

B LLm

Compound Al System

User SR LLM REEX LLM _ System
Query % P \ Response
\ Evaluation
X L <[>
. Code ~————— Forward Pass
\’ {:9} Interpreter
{CJ; Tools —— Backward Pass
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Media
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From Mono -Modal to (abstracted) 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
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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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