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Einfihrung: Was ist KI?

Computer Vision

Synthetische Daten

Large Language Models

Ethische Aspekte
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machine learning AND cancer
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Was ist Intelligenz? %%/ onkopedia




“Intelligence is hard to define and can

mean different things to different people.

It can be defined as the ability to solve
complex problems or make decisions
with outcomes benefiting the actor and
has evolved in lifeforms to adapt to
diverse environments for their survival
and reproduction.”
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Birth of
Intelligence

From BNA io _'\rli_/}u}.'f Intelligence

Daeyeol Lee

D. Lee, JohnsHopkins
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wi sind heute hier — S

yunderstand. Don't memorize.
Learn principles, not formulas.”

- Richard Feynman (Nobelpreistrager in Physik 1965)




9% onkopedia
Die kambrische Explosion der Ki

ImageNet Classification with Deep Convolutional
Neural Networks

Alex Krizhevsky Ilya Sutskever Geoffrey E. Hinton
University of Toronto University of Toronto University of Toronto
kriz@cs.utoronto.ca ilyafics.uteoronto.ca hinteon@cs.utoronto.ca

Proceedings of the 25th International Conference on Neural Information Processing Systems (NeurlPS) 2012

liberlegene Leistung
Einfihrung neuer Techniken
tiefe neuronale Netzwerke /CNN



" - 9% onkopedia
arum jetzt”

Big Data Hardware Software

IMAGENET @ python’

O PyTorch

L

TensorFlow




Artificial Intelligence

Machine Learning

Deep Learning

9% onkopedia

Losen von Aufgaben durch
nicht-menschliche Intelligenz

Loésen von Aufgaben ohne explizit
einprogrammierte Regeln

Lésen von Aufgaben und Lernen
durch neuronale Netze
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yklassisches” Programmieren Supervised Machine Learning
Training
Regel /(
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Maschinelles Lernen —

Erkennen, Verarbeiten, Agieren

supervised learning

data:
labeled

goal:
map labels to data

unsupervised learning

data:
unlabeled

goal:
find underlying structure

reinforcement learning

data:
state-action pairs

goal:
maximize long-term rewards

®
., this sample oo @ .,
® ‘. is malignant o ® 2 'o
e ' these samples L @
are alike this sample
Ll l responds well
0.0. if it is treated
. with this dose
thlsbsample these samples o ®
IS benign are different ®
* Bilderkennung *  Clustering * Dosismodifikation

Vorhersage von Ansprechen

Eckardt JN, Wendt K, Bornhauser M, Middeke JM. Reinforcement Learning for Precision Oncology. Cancers. 2021
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Wie viel Hype ist gerechtfertigt?

Skeptiker

|}
im

R SN
b))

,Das Automobil ist eine voriibergehende
Erscheinung. Ich glaube an das Pferd!”
- Wilhelm II.

Realist

Traumer

,Al will probably be smarter than any
single human by next year”
- Elon Musk, 2024
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Computer Vision

* Diagnosestellung

e Digitale Biomarker
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Wie ein Computer sehen lernt
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Source: MIT Deep Learning 6.5191 — Lecture Series on Deep Learning by Alexander Amini
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Cupcakes vs. Chihuahuas Poodle or fried chicken?



Bildgestlutze Diagnosestellung

® Epidermal benign

* Epidermal malignant
Melanocytic benign

* Melanocytic malignant

Basal cell carcinomas

Squamous cell carcinomas
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Melanomas e §e PP b e

Seborrhoeic keratoses

Esteva et al., Dermatologist-level classification of skin cancer with deep neural networks, Nature 2017
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Breast—Brain

'

N

Breast—LN

Breast— Liver
I

Lung-Brain

Lung—~LN

Lung—Liver

Ming et al., Al-based pathology predicts origins for cancers of unknown primary, Nature 2021
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Digitale Biomarker

a MSI

b MSS

Eckardt et al., Deep learning detects acute myeloid leukemia and predicts
NPM1 mutation status from bone marrow smears, Leukemia 2022

Kather et al., Deep learning can predict microsattelite instability
directly from histology in gastrointestinal cancer, Nat Med 2019
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puUsINesswire Home Services News FEducation About Us 22.09.2021

& BERKSHIRE HATHAW &Y SOMPANY

Paige Receives First Ever FDA Approval for Al Product in Digital Pathology

Paige Prostate was granted de novo marketing authonization from the FDA to aid in the primary diagnosis of prostate cancer

Diagnosing Breast Cancer with
Paige

A complete solution for detecting
and grading prostate cancer
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nature » nature medicine » articles » article

Article | Open access | Published: 22 July 2024

A foundation model for clinical-grade computational
pathology and rare cancers detection

Eugene Vorontsov, Alican Bozkurt, Adam Casson, George Shaikovski, Michal Zelechowski, Kristen Seversai

Eric Zimmermann, James Hall, Neil Tenenholtz, Nicolo Fusi, Ellen Yang, Philippe Mathieu, Alexander van

Eck, Donghun Lee, Julian Viret, Eric Robert, Yi Kan Wang, Jeremy D. Kunz, Matthew C. H. Lee, Jan H.

Bernhard, Ran A. Godrich, Gerard Oakley, Ewan Millar, Matthew Hanna, Hannah Wen, Juan A. Betamerg,

William A. Moye, Razik Yousfi, Christopher Kanan, David S. Klimstra, Brandon Rothrock, Sigi Liu S

Thomas J. Fuchs  — Show fewer authors

Nature Medicine (2024) | Cite this article




Kommerzielle Anbieter: Cancilico COl: Co-Ownership

@ cancilico

Al CANCER DIAGNOSTICS

1) Region-of-Interest

2) Cell Segmentation

3) Cell Classification

Product: MyeloAID



@ cancilico Kommerzielle Anbieter: Cancilico COI: Co-Ownership

Al CANCER DIAGNOSTICS

Myelo-AID

CRNERREE T

Product:
MyeloAID




Kommerzielle Anbieter
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Computer Vision

* Diagnosestellung v

* Digitale Biomarker W/
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Synthetische Daten

* Bilderzeugung

e Synthetische klinische Studien
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Generative Adversarial Nets (GAN)

real images

O Y
r. .. .“30 .
RS L,

E)

Discriminator

satisen, o "b Qi8S 0‘
‘ .. .. y
aee o, c'o‘} ‘e.?.
o®
'—‘\(\WI ~ decision:
=2 ~ real or fake?

;O::.‘Q.‘;O‘. :...' .. e v real data
..Oo.‘ 9. .0.::5.0
h “*. .~.'. -‘ ‘.m
/ﬁ\\\\_.

N
Generator I
random ‘ ,_r,\\//\\\l ‘ |
» synthetic data

latent > '“4/“\\\=_,///,
variable &

] update




9% onkopedia

Generative Adversarial Nets

Ian J. Goodfellow, Jean Pouget-Abadie; Mehdi Mirza, Bing Xu, David Warde-Farley,
Sherjil Ozair] Aaron Courville, Yoshua Bengio*
Département d’informatique et de recherche opérationnelle
Université de Montréal
Montréal, QC H3C 3J7



MSI

MSS

Synthetische Bilddaten

Real i |mages B Synthetic images

Krause et al., Deep learning detects genetic alterations in cancer
histology generated by adversarial networks, Journal of Pathology, 2021
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Synthetic

ﬁg@ ‘“”'5"
3“* SRGE a-i., S eRtass .,- “o >,

Eckardt et al., Synthetic Bone Marrow Smears are a Substltute for Developing Accurate
Leukemia Classification Models in Hematological Microscopy (submitted to ASH 2024)




Synthetische Patienten fur eine e0 onko edia
neue Generation klinischer Studien o® | P

" @
\ |

I

Echte Patienten

generative adversarial networks

Synthetische Patienten

Ethik anpassbar

Datenschutz * skalierbar

teuer * schnell verfliigbar
* preiswert

zeitaufwendig

Ziel: synthetische Kontrollgruppen, schnellere und giinstigere klinische Studien
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Eckardt et al. Mimicking Clinical Trials with Synthetic Acute Myeloid Leukemia Patients

Using Generative Artificial Intelligence. NPJ Digital Medicine 2024
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D‘Amico et al. Synthetic Data Generation by Artificial Intelligence to Accelerate Research

and Precision Medicine in Hematology, JCO Clinical Cancer Informatics, 2023
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Synthetische Patientendaten: Anwendungsgebiete

Daten teilen Kohorten vergrof3ern Simulation klinischer Studien
o & e 7@ @
VIR 80 = - 4?5
’L ’L ’L ,L &G B e ® 4
| Kontrolle Intervention

l l l Kontrollen ersetzen

B B @] e 7 &

= B E oW , @& _
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Kontrolle Intervention



9% onkopedia

Synthetische Daten

e Bilderzeugung v

e Synthetische klinische Studien z
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Large Language Models (LLMs)

e Textverarbeitung

e Multimodalitat
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Clusmann et al., The future landscape of large language models in medicine. Communications Medicine, 2023



o® :
Wie funktioniert eigentlich ChatGPT?  ®® | Onkopedm

o

@ Training Fine-Tuning Reinforcement Learning
with Human Feedback (RLHF)
* Milliarden an Tokens * Spezialisierung, z.B. medizinische Texte * Feedback fir Output

* Text, Bilder, Videos, Sound * Kontext-spezifisch * interaktiv, kontinuierlich



Ming et al, A Multimodal
Generative Al Copilot for
Human Pathology,
Nature 2024

PathChat

PathChat

PathChat o

PathChat

l Describe the tumor in this image in detail.

The image shows a high-grade serous carcinoma. The tumor is
characterized by a complex papillary architecture, with papillae that
are lined by high-grade cells. These cells exhibit marked nuclear
atypia, indicating a high degree of abnormality and potential
aggressiveness.

M
~

What do you think IHC for p53 would show in this case?}

Given the high-grade nature of the tumor, the cells are likely to
exhibit p53 protein overexpression. This is a common finding in high-
grade serous carcinomas and is indicative of TP53 gene mutations.

What morphological features are present La
in this image? ]/

There is a combination of epithelioid and spindle cells in
this image. In addition, there are melanin pigmented cells
present within the tumor.

This tumor was found in the liver of a patient. Is it a }\,
primary tumor or a metastasis? J

Based on the provided information, this tumor is likely a metastasis
rather than a primary tumor of the liver. Given the location of the
tumor and the histological features described, it is more likely to be
a metastatic melanoma.

\/

Human

Human

Human

iuman

14

B Human Response Evaluation
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20
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Inaccurate Wrong Correct
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60
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204 1p

Inaccurate Wrong Correct

HCC

16

HCC

1

80
60
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20

20
60
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20

Without RAG
mCRC
8 12

With RAG

10

mCRC

3

Inaccurate Wrong Correct

62

0
Inaccurate Wrong Correct
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PACA
80
60
40 31
204 Y 13
0

Inaccurate Wrong Correct

PACA
80_
62
60_
40
201 10
0
0_

Inaccurate Wrong Correct

C Automated Response Evaluation

Faithfulness

40
30
20
10

Without RAG

30

Relevancy

30 29
20

10
1

| —

1
True

|
False True

With RAG

Faithfulness Relevancy

40
30
20
10

40
30 30

30 Ferber et al., GPT-4 for

20 Information Retrieval and
Comparison of Medical

10 Oncology Guidelines,

: . NEJM Al 2024
True True
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LLMs bestehen das amerikanische Staatsexamen...

medical entrance exam questions United States Medical Licensing Exam guestions from PubMed abstracs
MedMCQA MedQA (USMLE) PubMedQA
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Hugging Face, The Open Medical-LLM Leaderboard:
Benchmarking Large Language Models in Healthcare,
https://huggingface.co/blog/leaderboard-medicallim, 2024
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Being Polite

Making Patient
Feel At Ease

Listening to Patient

Assessesing
Medical Condition

Explaining Condition
and Treatment

Involving Patient in
Treatment Decisions

Providing Appropriate
Treatment Plan

Patient Trusts Information
is Confidential

Appearing Honest
And Trustworthy

Patient Confident About
Care Provided (Y/N)

Patient Happy to
Return In Future (YN}

GMCPQ

...und sind netter zu Patienten

(=

20

40 60
% Consultations

80

'_'l
(=
=]

N=147

N=146

N=145

N=146

N=143

N=131

N=120

N=118

N=127

N=142

N=132

Building Rapport
And Connection (YN}

Appearing Open
And Honest (YN}

Discussing Roles And
Responsibilities (Y/N)

Respecting Patient's
Privacy (Y/N)

Engaging In Partnership
Building (Y/N)

Expressing Caring
And Commitment (Y M}

Acknowledging
Mistakes (YN}

Greeting Patient
Appropriately (Y/N)

Using Appropriate
Language {Y/N)

Encouraging Patient
Participation {Y/N}

Valueing Patient
as A Person (YN}

PCCBP

(=

20

40 60
% Consultations

80

100

*k
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N=133

N=115

N=118

N=108

N=115

N=136

N=41

N=140

N=145

N=128

N=122

AMIE (top)
PCP (bottom)

Very favorable

Favorable {or "Yes" for Y/N)
Meither favorable nor unfavorable
Unfavorable (or "Mo" for YfN)
Very unfavorable

Cannot rate / Does not apply

Tao et al., Towards Conversational Diagnostic Al,
https://arxiv.org/abs/2401.05654v1, 2024
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Software to Enhance
Confidence in Prostate
Cancer Diagnosis

Intreduang Paige Prastate, the Arst ALbaved pathoiagy Fred
FDA marketing suthorization for in wirs degrost (VD) use i
pros:ate needie bicpsies.

aiforia

Aiforia adds fourth CE-IVD mark
clinical Al Model to its rapidly
expanding portfolio of novel tools

for cancer diagnostics

®  Wowsn 080 |0 mmmiin
¥ Q=
Stratipath Mindpeak Blog
First CE-IVD marked Al solution for BN 4 ° S o o
prognostic risk stratification of breast & imgebiopsy.comr.. & & @ © & soecncomvere

cancer patients.

Stratipath, a global leader in Al-based precision
diagnostic solutions, today announced that its Al
software for prognostic risk stratification of breast
cancers, Stratipath Breast, is now CE-IVD marked.

DoMore Diagnostics
IVD mark for Histoty|
Colorectal, an Al alg¢
predict patient outco
colorectal cancer paf
analyzing standard h
images

An open access journal
spanning the full breadth
of cancer science and medicine

BreastIHC CE-IVD certified

ﬁ aidence

Veye Lung Nodules, y
Al solution for pulmonary

“WE CAN NOT
GET OUT...
THEY ARE
COMING.”

— GANDALF, THE FELLOWSHIP OF THE RIN(
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VUNO Med®-Chest X-
rcy'M

> o medenact & © G B §

mediaire =

mdbrain

Lunit
INSIGHT

'S MING SOON

UATA ANU

CER DIGITAL
EARCH ONCOLOGY
MUNICATIONS

Open Access

Led by Editor in Chief Rodrigo Dienstmann

American Association
for Cancer Research’

New in 2023

More information.

ESMO Real-World Dal
Oncology's latest
high-quality dat

Digital Oncology is the European Society for Medical
mal. It is dedicated to publishing
ansform
oncology care with orid evidence and digita nologies that physicia
trust and understand. The journal will publish innovative research that provides
actionable insights from real-workd data sources and digital devices, such as
generalizable observational and health services research, clinical informatics

solutions, algorithm-powered diagnostics, and decision support systems and direct-

to-patient mobile applications.

NEJM Group, the publisher of the New England Journal of Medicine, is

— A NEW JOURNAL

planning a new journal, NEJM Al, to identify and evaluate state-of-
the-art applications of artificial intelligence to clinical medicine.



o® -
Ethische Aspekte L ‘ on kOPedICI

$1282

‘&'5'* MAR-UIKE MACHINES RULE THE WORLD!

Fascimating Tales of a Strange Tomorraw

3 Laws of robotics (1942)

1. Ein Roboter darf keinen Menschen verletzen oder, durch Untatigkeit,
zulassen, dass einem Menschen Schaden zugefligt wird.

2. Ein Roboter muss den ihm von Menschen gegebenen Befehlen gehorchen,
es sei denn, solche Befehle wirden mit dem ersten Gesetz in Konflikt
stehen.

3. Ein Roboter muss seine eigene Existenz schitzen, solange dieser Schutz
nicht mit dem ersten oder zweiten Gesetz in Konflikt steht.
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» Selection bias/Verzerrung von Trainingsdaten: auf Basis welcher Daten sind die Modelle trainiert?

» Labeling: Korrektheit, Angemessenheit, (semantische) Robustheit von Daten/Kategorisierung

e Over-fitting: keine generelle Anwendbarkeit der Modelle

» Datenschutz: woflir werden gesammelte Daten genutzt (Gesichtserkennung, Persénlichkeitsprofile)
* Recht: «Algorithmen herbeigefiihrte Entscheidungen miissen gerichtlich tGberprifbar sein» (1)

» Erklarbarkeit KI/Transparenz

e EU-Standards vs US vs China

1: »Mensch, Maschine, Moral — digitale Ethik, Algorithmen und kiinstliche Intelligenz” (BVDW)
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Bias in Trainingsdaten o® ‘ onkopedla

"Everyone wanted this holy grail," one of the people said. "They literally wanted it to be an engine where
I'm going to give you 100 resumes, it will spit out the top five, and we'll hire those."

But by 2015, the company realized its new system was not rating candidates for software developer jobs

and other technical posts in a gender-neutral way.

That is because Amazon's computer models were trained to vet applicants by observing patterns in
resumes submitted to the company over a 10-year period. Most came from men, a reflection of male
dominance across the tech industry. (For a graphic on gender breakdowns in tech, see:
tmsnrt.rs/20fPWaoD)

i  RESEARCH ARTICLE = MEUROSCIENCE f X in o % O =

lllusory generalizability of clinical prediction models

ADAM M. CHEKROUD MATT HAWRILENKD , HIEROMIMUS LOHOD . JULLA EQOMNDAR , RALITZA GUEORGUIEVA  ALEOMIET HASAN, JOSEFH KAMBEITZ

PHILIP B CORLETT . NIKOLADS KOUTSOULERIS [--] AMD MARTIN PAULUS +2 authors Authors Info & Affiliations

SCIENCE - 11 Jan 2024 - Vol 383, lssue 6673 - pp. 164-167 - DOL 10.1126/science.adgB538
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Regulationsversuch

Risikobasierter Ansatz
Transparenz, Verantwortung, Nichtdiskriminierung
Geltungsbereiche und Fristen

- Globale Auswirkungen
EU Al Act

Highest level of risk prohibited o the FLL
. sul

Proposal for @
Regulation of the European Parflament and of
e Councll Laying Down Harmonssd Rules on

Artificial Intelligence (Artificial intailigenca Act)
and Amanding Certain Union Logislative Acts

Minimal Risk
2021/0108 (COD) v
All othar Al systems, e.g. 2 spam filter, o
which can b2 deployed without
addiliarsl restriclions

Limited Risk

Includes &1 aystemns with a rigk of

e manipalation or decei, e.0. chathats o
emotion recognition ST‘S“EH\B. Humans
must be informed abeut their interaction
with the Al

European
Commission
The four risk classes of the EU Al Act
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Removal of Sam Altman from OpenAl ¥ 2languages v

Article  Talk Read Edit View history Tools

From Wikipedia, the free encyclopedia

This article's lead section may be too short to adequately summarize the key points.
e
d\_‘}“-% Please consider expanding the lead to provide an accessible overview of all important
aspects of the article. (March 2024)

™ Sam Altman )4

On November 17, 2023, OpenAl's board of directors ousted co-founder and chief executive Sam Altman @sama

after the board had no confidence in his leadership. The removal was caused by concerns about his

handling of artificial intelligence safety ['112] and allegations of abusive behavior °l Altman was reinstated ' loved my time at openal

_ it was transformative for
on November 22 after pressure from employees and investors [4]
me personally, and

hopefully the world a little

Background e bit.
[30]
OpenAl [edit] November 17, 2023

New innovations in technology are poised to play a large role in the country's
social credit system. Artificial Intelligence (Al) facial recognition software is said to
be currently utilized in tandem with over 200 million surveillance cameras in
China.

Wer entscheidet?
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Freier Vaortrag
2024-10-11, 13:30-15:00
Big Data und Digitale Medizin / Kiinstliche Intelligenz (KI) |

Vorsitz: Wiebke Rosler (Zurich, Schweiz)
Vorsitz: Jan-Niklas Eckardt (Dresden, Deutschland)

Wissenschaftliches Symposium
2024-10-12, 14:00-15:30
Kl in der Medizin

Vorsitz: Jakob Nikolas Kather (Dresden, Deutschland)
Vorsitz: Wiebke Rosler (Zirich, Schweiz)

9% onkopedia

Startseite » Arbeitskreise »+ H- K = Kinstliche Intelligenz
Kiinstliche Intelligenz

Der Arbeitskreis Kiinstliche Intelligenz (KI) der DGHO wurde im Oktober 2022 auf der Jahrestagung
in Wien gegrundet. Gemeinsam setzen sich die Mitglieder zum Ziel, die Integration von Daten,
Methoden und Ergebnissen der Kl-Forschung in die Klinik, Forschung und Lehre der Hamatologie
und Onkologie zu begleiten und zu fordern.

Die Mitglieder des Arbeitskreises beschaftigen sich sowohl mit klinischen als auch mit
grundlagenwissenschaftlichen Fragestellungen. Die Forschungsschwerpunkte umfassen unter
anderem maschinelles Lernen, kunstliche Intelligenz, Bildgebung und Genomik, sowie Biomarker
in praklinischer und klinischer Forschung.

Der Arbeitskreis bietet eine Plattform fur den Wissenstransfer und die Zusammenarbeit zwischen
KI-Forschenden und Arztinnen und Arzten. Dariiber hinaus soll er als Ansprechpartner fir Politik,
Industrie und Gesellschaft fungieren und die Interessen der deutschen Hamatologie/Onkologie-
Gemeinschaft in nationalen und internationalen Gremien vertreten.

Zum Aufnahmeantrag

Kunstliche Intelligenz Kanstliche Intelligenz
Vorsitzender Vorsitzende

Prof Dr. Jakob Nikolas Kather

TU Dresden

Else Kroner Fresenius Zentrum (EKFZ)
fur Digitale Gesundheit

Fetscherstr. 74

01307 Dresden

ki@dgho.de

Dr. med. Wiebke Rosler

Universitatsspital Zurich

Klinik fur Medizinische Onkologie und Hamatologie
Ramistr. 100

8091 Zirich

ki@dghode
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Stellenausachroibung
13.01.2023

Frihe Nuizenbewertung - Burosumat

bei der fumarinduzieden Ostsomaaze

10.01.2023

Friihe Nutzenbewertung - Otaparib
baim Mammakarzinom - adjuvant
10012023

Alle Nachrichten »

Aldualisiorungen

Vemurafenid (Zelborat®)

Pentostatin (NipeniS)

Lungenkarzinom, nicht-Keinzellg
(NSCLC)

Aplastische Anamio
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Das Leitlinienportal
Online und als App

www.onkopedia.com

Q &

onkopedia leitlinien

Leitlinien zur Diagnostik und
Therapie von Blut- und Krebserkrankungen

onkopedia AYApedia
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datenbank
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HAMATOLOGIE UND MEDIZINISCHE ONKOLOGIE

Die Onkopedia-App

Loden Sie sich

jetzt die onkopedia-App auf
jederzeit und Uberal

nutzen Sie die Leitlinien offiine -

hr Smartphone oder Tablet und

DGHO-Mitglied
werden - fur vollen Zugriff
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