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Final model

Predicted label

vor der Validierung festlegen: was ist die ,Wahrheit® / der Goldstandard und warum?



Grundsatzliches zu Methoden %8
o

Machine Learning Natural Language Processing
Techniken, die anhand von Beispielen lernen Fahigkeit, menschliche Sprache und
anstatt mit definierten Regeln zu arbeiten unstrukturierten Text in maschinenlesbare

strukturierte Daten umzuwandeln, die die Absicht
der Sprache zuverlassig wiedergeben

" Ubersichtsartikel des Arbeitskreises Kiinstliche Intelligenz der DGHO k

An overview and a roadmap for artificial intelligence in hematology and oncology
Journal of Cancer Research and Clinical Oncology (2023) 149:7997-8006

Image analysis  Bioinformatics NLP Systems for  Decision support Medical device-
systems systems systems RWD analysis systems related systems

Input data

EHR / PRO clinical data sensor data



Anwendungen von Kl in der Hamatologie %23
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Diagnostik
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Prognose-Einschatzung TLH_L
Therapie-Planung

Therapie-Uberwachung
Unterstlitzung bei klinischen Entscheidungen durch Aufbereitung von Wissen EQ

Automatisierung von administrativen Prozessen
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Unterstltzung in der Diagnostik durch Ki

ML-based image
segmentation
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DL-based cell type
classification
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Whole-slide image
analysis

DL-based
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of expression values
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processing

Matrix of raw antigen
expression values
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Data
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Expert evaluation
Dlsease :
classification i

Correction of misclassifications to
continously improve the model

DNA/RNA

Variant interpretation
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Prognostication systems 4—0— @@

Integratlon of multi-omics data «——

ML-based image
segmentation + geometric
transformation

Correction of
misclassifications to g
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Genetic profile

Chromosome Karyogram
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W. Walter et al. Blood Reviews 2022



Unterstltzung in der Diagnostik durch Kl - Beispiel Chromosomenanalyse 3025

Workflow

At least 20 metaphases have to be
selected and analyzed
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Kl ist besonders weit entwickelt in der Bilderkennung ge2s. 8,
Was sind die grundlegenden Schritte?
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Automation of Karyotyping %2 s

Building an Al based algorithm — 1st step: classification of normal chromosomes

Input: 6 mio. parameters
DNN: two distinct output layers to simultaneously predict
chromosome number and angle that is required to rotate the
chromosome in its correct, vertical position

100,000 unselected manually arranged
karyograms with normal karyotype from the
digital archive

DNN: Deep Neural Network

Task 1:
(€ W 5e i 0 Determine chromosome class ( \
Sl SN (n=24)
W N AN
f{ H L nE
N TEE T ag Task 2:
- Determine chromosome orientation

(n=360) \_ J

Training of the DNN took 16 days on a Nvidia
RTX 2080 Ti graphic card with 4352 cores
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Datei Bearbeiten Ansicht Metaphase Filter Objekie Hilfe

Manual
karyotyping
by a highly
experienced
technician in
real time
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Automated Datei Bearbeiten Ansicht Metaphase Filter Objekte Hilfe
classification
based on Al

technician e
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Automation of Karyotyping % ¢
Al Classifier for normal chromosomes — Testing results ® 6 00 o0
Experts
prospective validation ® ‘,p \ ‘é R
independent set of 500 NKG .5’.‘ Classification agreement
'.‘ 22,675/23,000 chromosomes (98.6%)

b T

LN T | T T

Deep
Neural Network

LT N1

Complete agreement on karyogram
369/500 (73.8%)
+ 20% only 2 chromosomes were interchanged

After 7 months of development and intensive testing Al Classifier implemented into routine workflow r ° “ °




Al Classifier for normal chromosomes — Misclassification — Disagreement

Automation of Karyotyping

Chromosome class according to expert
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Validation of Al based automated karyotyping against 24 color FISH o

o
Al based algorithm classified 500 metaphases with a large variety of metaphase quality ®
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Classification of chromosomes was very good in metaphases with
chromosome guality comparable to training set

Lower classification accuracy in low quality metaphases, which are difficult to
classify manually

Taking all metaphases into account still 88% of chromosomes were correctly |
assigned
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Kl-basiertes
Karyotypisieren

 automatisches
Trennen der
Chromosomen

e automatisches
Legen des
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Kl-basiertes

Karyotypisieren:

 Farbcode fur

Wahrscheinlichkeit

der korrekten
Zuordnung
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Kl-basierte Automatisierung der Chromosomenanalyse 0g® ©

Einfluss auf Diagnostik

manuell: 2 - 3 min
pro Karyogramm

KI: 10 s +
20 s Uberpriifung
durch Experten

- Reduktion der Turnaround-Zeit
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Batch-Karyotypisieren (20 MP)

Datel Bearbeiten Ansicht Metaphase
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Automation of Karyotyping
Classification of aberrant karyotype by Al-CN
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Karyotypes with only numerical
abnormalities are correctly
classified as all chromosomes are

structurally ,normal”

Derivative chromosomes clearly
different from any normal
chromosome left out for manual
classification

Al-CN saves time



Automation of Karyotyping

... e O
Next step: classification of abnormal chromosomes & detection of recurrent abnormalities i :o oo
54,634 KG AK + 3@3 Lowerfalse: | §3
100,000 KG NK acnar: cPositiverate: % Abnormality Abnormality

54,634 KG AK + @3 : Higher de- :
54,634 KG NK acnap. | tection rate :
I il il I
training validation validation
12,766 34 600
10,497 17 288
5,907 1 183
t(8;21)(q22;q22) 5,487 2 30
5,010 14 216
4,163 11 148
3,838 S 64
2,744 2 30
2,877 3 7
t(11;14)(q13;q32) 1,845 7 59

detected as clonal in ::detected as clonal in
100% of cases 100% of cases

°
ooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

Abnormality Abnormality
detected as clonal in ::detected as clonal in
80-99% of cases 90-100% of cases

Abnormality Abnormality
detected as clonal in::detected as clonal in
<80% of cases 100% of cases



BELUGA Study (,,Better LeUkemia diaGnostics through Al*)

(Clinicaltrials.gov, NCT04466059) — classification of peripheral blood cells

29,119 patient samples (Jan 2021 — Jul 2022)

> =2,911,915 cells
differentiated

> =14,322,972 cells
differentiated

? ‘
99

=[F |
= 1B 54% Segmented Neutrophils 48%
2 L 1% Bands 1,47%
2.3% 2,69%
0.76% | Concordance 94% for 204
6.96% malignant/critical cells - 05%
30.91% 24.53%

1.11% Pathogenic blasts 3.25%



Integration of Al tool into routine diagnostics workflow

: ﬁ MLL Laboratory &5 AWS Cloud

xx4<

' 4-6 min 15 sec | . 20 sec 50 sec 10 sec
| ! . Workflow Cell class prediction Result Visualization

| = Import of
() .
| "= Final Result

i 15 sec

- ® Reviewand
@R Corrections

_______________________________________________

! ® Review and
'| @ Corrections




Einsatz von Kl zur Pradiktion von AML und NPM1 Mutationen

Retrospective chart review EabeledlohEs
3,385, .t".
: s .
EE: » ?._.-';3{5;: ') Image preprecessing,
AML patients and .:-";:‘}".’ Lo tra;i;orrnn;?;%ﬁ nd
healthy,conirale sy I NPM1-mutated AML

E
Train Faster R-CNN

Ir-n[;rBVed cell Eo?ae:s )
Automated feature Manual correction of
extraction cell borders
P . ®
I ,‘3 &
naste
— R p—"

(ff T

Segmented cells

" Eccentricity: 0.72
Equdlamstor szau

Manual labeling of
cell type and @
characteristics

Segmented
cells per BMS

' Cell features ‘
Q Gl type
myeloblas

< Feature Eool_:—}

Train DL models on cell
types and characteristics

Labeled BMS and
segmented cells per
labeled BMS

NPM1 status prediction

&

-
Image Image . Image
Manual input processing segmentation Annotation classification
platform
module module module
|

(A) AML vs.
control
Ground truth

Healthy
control

AML
(B) mNPM1
vs. wtNPM1
Ground truth
wWtNPM1
mNPM1

Prediction by deep learning
Healthy control

43 (89%)

28 (13%)
Prediction by deep learning
wtNPM1

149 (86%)
11 (14%)

AML

5 (11%)

223 (87%)

mNPM1

24 (14%)
66 (86%)

J.-N. Eckardt et al., Leukemia 2022 36:111-118



NGS: Interpretation von Varianten I S

Clinical databases Population databases In silico predictors

dbNSFP

HePPy

In house databases

UMD TP53 Mutation Database

Herausforderung: finale Interpretation der Informationen aus den diversen Quellen



HePPy: A hematological (meta) predictor of pathogenicity

/

~500 manuell kuratierte VarianteR
mit eindeutiger Zuordnung als
“somatische Mutation” oder

“benigner Polymorphismus” y

Predictor
PROVEAN
VEST3

M-CAP

SIFT
Polyphen-2
FATHMM
FATHMM-MKL
Mutation Assessor
LRT

Mutation Taster

Random forest model

=

» HePPy-Score 0.997




HePPy: A hematological (meta) predictor of pathogenicity — ein Beispiel %2 :.
o 00

TP53: ¢.1027G>C Random forest
model

A variant with conflicting in

silico predictions

-
Predictor Score »
PROVEAN -0.26
VEST3 0.175
M-CAP 0.047 ;5
SIFT 0.045
Polyphen-2 0.238 /
FATHMM -3.23 ./... 5_\
FATHMM-MKL 0.815
Mutation Assessor rAlS
LRT 0.023 » 0.066
Mutation Taster 1.0 ~




Klassifizierung von MPN anhand des Mutationsprofils

® o
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Precision Medicine
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Training eines
Algorithmus




Klassifizierung von MPN anhand des Mutationsprofils o3 s ¢

--------------------- -\\

/ \
/ : \
: 12 zytogenetische !
I Aberrationen !
: i
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i Mutationsprofil !
I von 73 Genen !
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I |
I |
1 _ I
{ Patienten |
\ Daten /
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Modellierung

Merkmale
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Daten Test

Validierung

Daten

75,9%

15%

0.6% [ I °>
CML ET PMF PV

Wahrscheinlichkeit




Klassifizierung von MPN anhand des

Finales Model

U2AF1 ASXL1

TP33 BCR-ABL1

TET2 CALR

Mutationsprofils %2 3

SRSF2 CALR e
SF3B1 o =y~
(var s60%) JAK2 IAK2 war 5350, g EL i

o pv

Morphologie
-
CML 0

- 0 53 0 1
0 1 34 0
- 0 1 0 39

Accuracy: 98,3%

Algorithmus




Publikationen zur Diagnose und Klassifikation der CLL mit KI-Methoden

Identification

Screening

Included

[

Studies Identified from databa
(n=170):

* Pubmed (n=105)
* Embase (n=65)

ses

Studies removed before

screening (n=21):

» Duplicates removed by
EndNote (n=18)

* Duplicates removed in
Rayyan (n=3)

Studies assessed for eligibility

(n=149)

Studies excluded (n=135):

Wrong outcome (n=117)
Wrong publication type (n=15)
Non-English publication (n=3)

Studies included in the review

(n=14)

a
|

M. Elhadary et al., Blood Reviews 2023; doi: 10.1016/j.blre.2023.101134.

Online ahead of print

Reference

Outcome

Advantages

Disadvantages

Zhang, Qureshi et al.

(2023)

Zhu, Gan et al.
(2022)

Xia, Leon et al.
(2021)

Abhishek, Jha et al.

(2023)

Dese, Raj et al.
(2021)

Mohammed,
Mohamed et al.
(2017)

Simonson, Lee et al.

(2022)

Ng and Zuromski
(2021)

Zhao, Mallesh et al.

(2020)

Haider, Ujjan et al.

(2022)

Steinbuss,

Kriegsmann et al.

(2021)

do Nascimento,
Martins et al.
(2018)

Zhang, Cui et al.
(2020)

Féré, Gobinet et al.

(2020)

Diagnosis and classification of tumors
using targeted RNA expression profiling

Identification of diagnostic biomarkers for
CLL using GEO database

Diagnosis and classification of SBCLs using
DNA methylation profiling

Diagnosis and classification of leukemia
using images of blood smears

Diagnosis and classification of leukemia
using images of blood smears

Diagnosis of CLL using images of blood
smears

Predict whether additional antibody panel
should be ordered to distinguish CLL from
MCL

Diagnosis and classification of B-cell
malignancies using flow cytometry

Diagnosis and classification mature B-cell
neoplasms using flow cytometry

Early diagnosis and classification of
leukemia using CBC

Diagnosis and classification of NHL using
LNs histopathological images
Diagnosis and classification of NHL using

LNs histopathological images

Classification of NHL subtypes using
histopathological images

Diagnosis of CLL using Raman data

- Lower chance of overfitting
- Can give information about cancer biology,
prognosis, and therapeutic targets

Combination of bioinformatic analyses and ML
Validation of the identified genes
- Able to classify CLL/SLL, MCL, MZL, FL with high
accuracy
- The model is available online for research use
- The model was internally and externally validated
Able to classify ALL, AML, CLL, CML, and normal
samples
Uses only images of peripheral blood smear
CNN models were used as feature extractors to
optimize the performance of the classifier
The models were internally and externally validated
- Able to classify ALL, AML, CLL, CML, and normal
samples
- Uses only images of peripheral blood smear
- Rapid time to diagnosis (<1 min)
ML algorithms used in feature extraction to
optimize performance of the classifier
SVM was used for lymphocyte segmentation
Multiple ML models were evaluated for the
classification task
majority voting fusion method was used to improve
classification performance
Can be used as a quick and cheap screening tool for
CLL
Jse of ensemble learning
Models utilize flow cytometry data
Models were evaluated prospectively on new cases
Models were internally and externally validated
Able to classify BNHL, B-ALL/LBL, CLL, DLBCL, and
others accurately
- Able to detect BNHL and B-ALL/LBL cases that
require confirmatory studies
- Relatively large sample
Rapid time to diagnosis (—35 s)
Use of UMAP for dimensionality reduction
Able to classify seven subtypes of mature B-cell
neoplasms (CLL, MCL, PL, LPL, MZL, FL, HCL), MBL,
and normal samples
- Large sample
- Use of SOM for dimensionality reduction
- Able to classify ALL, AML, APML, CLL, CML, and
others
Able to accurately detect and subtype leukemia
using only CBC items and CPD
Relatively large sample
- Use of quality control limits to improve accuracy

- Able to classify CLL, MCL, and FL

- Multiple classifiers were evaluated in the study
Multiple statistical methods were applied to
optimize feature selection
Able to classify CLL, FL, and MCL
TL and PCA were used for fine-tuning and feature
extraction, with a neural network model used for
classification

- The use of rdCV to reduce overfitting

- The use of adaptive decision thresholds to adapt the
model to different clinical scenarios

- The use of consensus label strategy to improve
model stability

- The use of four tests to ensure the quality of Raman
data
Rapid time to diagnosis (13 s)

- Can be used to study biochemical changes in CLL

- NGS is not routinely ordered for CLL workup

- Data did not include mutations and chromosomal
abnormalities
The model was not externally validated
High risk of batch effects due to usage of multiple
datasets from the GEO database

- Unsupervised analysis was not possible due to
significant batch effects

Time taken for classification was not mentioned
- The entire sample of CLL images was obtained
from 7 patients only
Dataset used to train feature extractors was
different from the one used to train the classifier
(negative transfer)
- The model was not externally validated

The image acquisition method used in the study
differs from other clinical settings

- A search technique for cells is needed to obtain
images similar to the ones in the study

- Dataset lacked information on previous diagnoses
of leukemia/lymphoma
The model was developed using data from a single
laboratory
Difficulty of troubleshooting the
misclassifications

Specific performance metrics for CLL
classification were not reported
- Time taken for classification was not mentioned

- The model was not externally validated
Time taken for classification was not mentioned

The model can only classify two disease entities
n detecting CLL/SLL

- Small sample
- The model was not externally validated
The proposed algorithm requires long processing
time
The model was not externally validated
Time raken for classification was not mentioned

- Raman spectroscopy is not routinely ordered for
CLL workup




Percent survival

Risikostratifizierung AML — Standard versus Kl

Standard: basierend auf Hypothesen Kl: basierend auf ,unsupervised and
und Literaturdaten supervised learning”

Table 5. 2017 ELN risk stratification by genetics . 2 \i“*"tﬂgrfv'iz("“‘{ 1(;?;6 ulicantor vl { Rt ;‘
Risk category* Genetic abnormamy Start mlt ROhdaten g laboratory vnrlabln:D A.S.fjffi”lii.i!i,fﬁ*i?i[l'iﬁi;“iiy ‘malcculnrgenclms
Favorable t(8;21)(q22;q22.1); RUNX1-RUNX1T1 Extraktion von § R
inv(16)(p13.1422) or 1(16;16)(p13.1,622); CBFB-MYH11 relevanten Variablen - —n
Mutated NPM1 without FLT3-ITD or with FLT3-ITD""+ 61 features available for analysis
Biallelic mutated CEBPA —
Intermediate Mutated NPM1 and FLT3-ITD"9"t Unsu pervised : —
Wild-type NPM1 without FLT3-ITD or with FLT3-ITD'®"+ (without . g ———
advirr)se-risk genetic lesions) CIUSterlng i e
t(9;11)(p21.3;q23.3); MLLT3-KMT2A% I —
Cytogenetic abnormalities not classified as favorable or adverse . vl aigor ionally
Adverse (6;9)(p23;q34.1); DEK-NUP214 Meta-Clustering
t(v;11928.3); KMT2A rearranged Flnale Clu Ster é ‘ homogenous cueters: assigrmenis per ””“e’",\,‘
2i2a)l0at g it 2)s ECR AL g | R
inv(3)(g21.3q26.2) or t(3;3)(q21.3;q26.2); GATA2, MECOM(EVI1)
—5 or del(5q); —7; —17/abn(17p)
Complex karyotype,§ monosomal karyotypell T
Wi,d_‘:ype N,r,ny an FLTZTDNoM P Externe Validierung ot o st i et
Mutated RUNX1Y E %f
Mutated ASXL1q ia R

Mutated TP53#

assign previously learned labels to extemnal cohort

externally validated

prognostic clusters

H. D6hner et al., Blood. 2017; 129(4):424-447 J.-N. Eckardt et al., Commun Med 2023;3:68



Risikostratifizierung AML basierend auf Kl
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J.-N. Eckardt et al., Commun Med 2023:3:68



Risikostratifizierung MDS — Kl versus IPSS-R

Al-model was built based on clinical and mutational
data entered into random survival forest algorithm

Cytogenetics per IPSS-R
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A. Nazhaet al., JCO 2021; 39(33):3737-3746



Therapie-Planung und Individualisierung der Therapie %8s ¢
®

® 00 00
Patienten-zentrierte Auswahl klinischer Studien

-------------------------------------------------------
“““““
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R : Extraktion far
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----------------------------------------------------------------------------------------
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S. Kaskovich et al., JCO CCI 2023



Therapie Monitoring und Friherkennung unerwtnschter Ereignisse

Risiko-Pradiktion Chemotherapie induzierter
Neutropenie und Infektion

X Received G-CSF

c

S 30- No

8 P

c Yes

0

C

2

S 20-

5

0]

[

©

S 104

e

)]

-

()]

w

0

O o ==
<5% 5-20% >20%

Predicted risk without G-CSF

M. S. Venéalainen et al., Cancer Medicine 2022:11:654—-663

B

Model zur Risikoeinschatzung von
Chemotherapie-induzierter Myelosuppression
bei Kindern mit Wilmstumor

-----------------------------------------------------------------------------
* *

i Ergebnis individueller Risikoscore mit
: Angabe von Risikofaktoren und

: protektiven Faktoren basierend 19

: Variablen extrahiert aus 40 primar

: evaluierten Variablen

- .
------------------------------------------------------------------------------

M. Li et al., Cancer 2023; 5:1078



Unterstltzung bei klinischen Entscheidungen durch Aufbereitung von Daten Qgﬁ___f_l__ sve §. s,

® ® ® . ‘s W&W 1L Treatment R/R 2L Treatment
M M M N =7 stes Comorbidity n =270 n =230 n =58
[ [T 1]
\ | / Cardiovascular, n (%) 117 (43.3) 111 (48.3) 30 (51.7)
" 1 I ['_‘a Hypertension 96 (35.6) 88 (38.3) 23 (39.7)
E B _ FREE TEXT (unstructured) Cardiac arrhythmia 45 (16.7) 41 (17.8) 10 (17.2)
i Atrial fibrillation 24 (8.9) 19 (8.3) 4(6.9)
| ) | Atrial flutter 5(1.9) 4(1.7) 2 (34)
o |[NLP Heart failure 44 (16.3) 40 (17.4) 10 (17.2)
g':f:g;';: EHRead® . Ischemic heart disease 28 (10.4) 22 (9.6) 6(10.3)
Heart valve disorder 18 (6.7) 20 (8.7) 6(10.3)
F { Gastrointestinal and hepatobiliary, n (%) + 105 (38.9) 89 (38.7) 17 (29.3)
Jan 2016 Dec 2018 Hepatomegaly 16 (5.9) 25(10.9) 6 (10.3)
Diagnosis or veatment Hepatitis C 6(2.2) 4(17) 1(1.7)
1 1 Peptic ulcer 7 (2.6) 4(1.7) 2(3.4)
""""""" ’ I ; ] Hiatal hernia 7 (2.6) 9(3.9) 1(1.7)
-6 months +1 month ] Endocrine, metabolism, and nutrition, n (%) 82 (30.4) 70 (30.4) 23 (39.7)
: } Diabetes mellitus 66 (24.4) 56 (24.3) 18 (31.0)
. : Dyslipidemia t 37 (13.7) 43 (18.7) 11 (19.0)
Index Date Follow Up Musculoskeletal and connective tissue, n (%) 81 (30.0) 70 (30.4) 22 (37.9)
Rheumatoid arthritis 19 (7.0) 19 (8.3) 4(6.9)
Eull Anab{sis Set 2016-2018) N =534 Osteoarthritis 8 (30) 4 (17} 2 (34)
Renal and urinary system, n (%) 42 (15.6) 33 (14.3) 7(12.1)
Chronic renal failure 29(10.7) 22 (9.6) 5 (8.6)
WaW N =270 (50.6%) Diabetic nephropathy 4(1.5) 0(0) 0(0)
Nephrolithiasis 5(1.9) 1(0.4) 0(0)
Urinary tract infectious disease 15 (5.6) 14 (6.1) 3(5.2)
1L treatment N = 230(43.1%) Respiratory, n (%) 26 (9.6) 28 (12.2) 3(5.2)
COPD 15 (5.6) 18 (7.8) 0 (0)
Bronchial asthma 14 (5.2) 12 (5.2) 3(5.2)
R/R 2L treatment N =58 (10.9%) Pulmonary hypertension 4(1.5) 4(1.7) 0(0)
Antineoplastic Treatments 1L ;ll'r:azt;l]ent R/R 211"1 Zr;;tment Concomitant Medication x&;‘% L "r[‘”rzazt;l)ent R/R 2';1 Zr;;tment
Ibrutinib, n (%) 149 (64.8) 36 (62.1) Antihypertensive and/or antiarrhythmic drugs, n (%) 80 (29.6) 103 (44.8) 18 (31.0)
Bendamustine + rituximab, n (%) 29 (12.6) 2(3.5) Antithrombotic drugs, n (%) 79 (29.3) 98 (42.6) 16 (27.6)
Obinutuzumab + chlorambucil, n (%) 12 (5.2) 3(5.2) Diuretic drugs, n (%) 38 (14.1) 75 (32.6) 20 (34.5)
Chlorambucil + rituximab, n (%) 11 (4.8) 1(1.7) Lipid-lowering drugs, n (%) 37 (13.7) 69 (30.0) 12 (20.7)
Idelalisib + rituximab, n (%) 9(3.9) 4(6.9) Cardiotonic drugs, n (%) 13 (4.8) 6 (2.6) 2(3.4)
Fludarabine + cyclophosphamide + rituximab, n (%) 8(3.5) 1(1.7) Antianginal/vasodilator drugs, n (%) 8 (3.0) 19 (8.3) 5(8.6)
Ibrutinib + obinutuzumab, n (%) 6(2.6) - Peripheral vasodilator drugs, n (%) 1(0.4) 2(0.9) 0(0)
Venetoclax, n (%) 5(2.2) 9(15.5)
Venetoclax + rituximab, n (%) 1(0.4) 2(3.5) J ) Loscel‘tales et a.l . CancerS 2023



Was notwendig ist, um Kl erfolgreich einzusetzen

Verfugbarkeit von gut annotierten Datenséatzen von hoher Qualitdt und in ausreichender Menge

Gute Datengualitat und — standarisierung erforderlich fur zuverlassige Kl-Vorhersagen (fehlende,
unvollstandige, widerspruchliche und fehlerhafte Daten missen bearbeitet werden)

Infrastruktur und Rechenressourcen zur Verarbeitung und Analyse grof3er Datenmengen

Zusammenarbeit und interdisziplindres Fachwissen zwischen medizinischen Fachkraften,
Datenwissenschaftlern, KI-Experten und Regulierungsbehorden

kontinuierliche Uberwachung und Verbesserung, um auf dem neuesten Stand zu bleiben, genau zu
sein und den sich entwickelnden klinischen Anforderungen gerecht zu werden

Einhaltung ethischer und gesetzlicher Vorschriften

Validierung und behdrdliche Zulassung zum Nachweis der Sicherheit, Wirksamkeit und
Zuverlassigkeit in der klinischen Praxis, Schulung und Ausbildung der Nutzer, um die Fahigkeiten
und Grenzen von KI-Systemen zu verstehen



Lessons learned from translating Al from development to deployment in healthcare Qo9 3
o

Quantity Quantlty and quality
|
l;l
Al experts Multidisciplinary team

Readl ness

N WW’
High performance leads to launch Extensive validation before launch

Intergratlon

e BA

Re-envision workflow

Just drop into workflow
Optimize care

=— 1@
Al — | m =\ Al e
L 1
— )\ %% L S
Work is completed at launch Continuously monitoring performance

Table 1| Myths and reality in developing medical Al

Myth

Reality

More data means better
Al models

Although adequate data volume is important for
developing an accurate Al model, data and label
quality matters more®, especially as the quantity
becomes less critical as Al advances'®.

Only Al experts are
needed

Although Al experts are core contributors in
developing medical Al models, building a
complete, well-functioning Al system takes a
village of multidisciplinary team members.

Al performance leads to
clinical confidence

Building users’ confidence in using medical Al
takes time and careful validations.

Integrating Al into
routine workflows is
straightforward

Al should be designed around humans, not the
other way around.

Launch means success

Ensure Al's high-quality performance through
continuous monitoring and iterations.

K. Widner et al., Nature Medicine 2023, 29, 1304-1306



Generalization Checks for Al Systems

<
>

N

U@

N

¥ O

Q Qo

2 7

c 8

= )

O

N

5

v Safeguards for

Effective

Generalization

'\“%

%ep loyment Mo'f\"‘o‘

Continyal learnin®
P. Rajpurkar et al., N Engl J Med 2023;388:1981-90

Clinician feedback



Al in Hematology & Oncology
Fields of Application

treatment planning and personalization outcome prediction and prognostication
o M -
) o
'I‘ 8 e ®
© [ @ | t}a

streamlined workflows and resource optimization

early and accurate diagnosis

treatment monitoring and adverse event detection clinical decision support

Requirements

infrastructure and user training and

education

Data availability ethical and regulatory

compliance computational resources
Correct labels High diversity
Minimal noise o ‘ ‘
. / . Representative 00
T 222 @ \&/ |—|—| ; ) &
6@ *. High quantity ~‘ ! ! !

continuous monitoring
and improvement

collaboration and
interdisciplinary expertise

validation and

Data quali
ity regulatory approval

Sehr viele Modelle
fur diverse Anwen-
dungen entwickelt

@erausforderung/ \

nachste Schritte:

- Umfassende
j‘> Validierungen
- Wissenstransfer
fur Akzeptanz im

klinischen Umfeld
\ /







	Folie 1
	Folie 2
	Folie 3
	Folie 4
	Folie 5
	Folie 6
	Folie 7
	Folie 8
	Folie 9
	Folie 10
	Folie 11
	Folie 12
	Folie 13
	Folie 14
	Folie 15
	Folie 16
	Folie 17
	Folie 18
	Folie 19
	Folie 20
	Folie 21
	Folie 22: BELUGA Study („Better LeUkemia diaGnostics through AI“) 
	Folie 23: Integration of AI tool into routine diagnostics workflow 
	Folie 24: Einsatz von KI zur Prädiktion von AML und NPM1 Mutationen 
	Folie 25
	Folie 26
	Folie 27
	Folie 28
	Folie 29
	Folie 30
	Folie 31
	Folie 32
	Folie 33
	Folie 34
	Folie 35
	Folie 36
	Folie 37
	Folie 38
	Folie 39
	Folie 40
	Folie 41
	Folie 42

