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WHO Classification 2001 to 2017

Genetically defined entities: 5  Genetically defined entities: 24  Genetically defined entities: 31
AML (n=4), MDS (n=1) AML (n=10), MDS (n=2), AML (n=12), MDS (n=2),
MPN (n=3), ALL (n=9) MPN (n=6), ALL (n=11)

| World Health Qrganization Classification of Tumeours

WHO Classification of Tumours of
Haematopoietic and Lymphoid Tissues

Pathology & Genetics

Tumours of Haematopoietic and
Lymphoid Tissues

2008 2017



Cytomorphology
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Immunophenotyping: AML (10-color-staining)
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Karyotype: 46,XX,del(5)(g15932)

Al H K e

o 8§ non i
N sl

g 11 e Ea ){



MLL Myeloid panel

APC
ASXL1
ASXL2
ATM
ATRX
BCOR
BCORL1
BRAF
BRCC3
CALR
CBL
CDHZ23
CDKNZ2A
CEBPA
CREBBP
CSF3R

CSNK1A1

CTCF
CUXT1

DDX41
DDX54
DHX29
DNMT3A
EP300
ETNK1
ETV6
EZH2
FANCL
FBXW7
FLT3
GATA1
GATAZ2
GNAS
GNB1
IDH1
IDH2
JAK2
KDM5A

KDME6A
KIT
KMT2D
KRAS
MPL
MYC
NF1
NOTCH1
NPM1
NRAS
PHF6
PIGA
PPM1D
PRPF8
PTPN11
RADZ21
RB1
RUNX1
SETBP1

SF1
SF3A1
SF3B1
SH2B3
SMCI1A
SMC3
SRSF2
STAG2
SUZi12
TET2
TP53
U2AF1
U2AF2
WT1
ZBTB7A
ZRSR2

/3 genes
+ 23 loci for Pat ID

MLL data



Z = Cytomorphology

C = Cytogenetics

F = FISH

M = Moleculargenetics
| = Immunophenotyping

MLL data



®e
°®
Y
®
. .
* a®®
e® ®
* L]
' o *
g ¢ e®
® o o
LI I
®
..
e ®
o ® oo
. . oo
® o L
[
LN 'y
°
o o ‘ose
®,0
°
L PR

L N B BN BE BN BN BN BN IR B BN BN BN BN BN BN BN BN J

®
see O
L J
L

Ceseseer— | [ i |

®eccccccee, \\Fwﬁ?
of Yo ® -
o

L R N X RO

° .
e ©O®voee
( ZXY XXX

oo ®
PY e
X & R R |
. O....
o080 4
..... ..
® Ceese
"YeK Je

80,




Al-based peripheral blood cell differentiation Qg3 ¢

10,082 patient samples (Jan 2021 — Jul 2021)

> =988,130 cells
differentiated

Highly skilled technicians
(median 5y in lab)

Model for 21 predefined
classes

B u.s. National Library of Medicine

ClinicalTrials.gov

NCT04466059

> =4,937,389
cells differentiated

Capture time for 500
cells: 4:37 min

liFe,
'a:&f
- &
| =
1

52%  Segmented neutrophils  53%
2.25% = ' 3.36%
0.72% | Concordance of 95% for | 0.72%
7.5% pathogenic cases 6.64%
31.7% CympTTOCyToD 24%
0.97 % Pathogenic blasts 1.65%

MLL data



Al-based bone marrow object detection

Manual object definition

Al based object detection

MLL data
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Al-based diagnostic using flow cytometric data 228, 2,
MDS
MGUS, MM T I IEIIEIEIEIEIeNaeR _
T-NHL | Intended diagnostic workflow )
AML X ° B-ALL | = -EJ :
O\ //o T-ALL : ﬁ_ T_ﬁL :
B-NHL Q/ g Training data (80%) ! o, . weeced o LI B
> ~29,329 Samples ! diagnosis o |
a L e o i m e m e m e m e 1
A

A
I
o ' Optimization to detect small populations & perform MRD |
XGboost training I« To be used for all flow machines/workflows :
L e m e e e e e e e e e i = —— -
/

Evaluation
Test data (20%)

S > ~7,332 Samples

dW5S O(o )) Accuracy: 82-94%
Final algorithms

Retraining

MLL data
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Manual
classification

- MetaSysterns lkaros -

Datei Bearbeiten Ansicht

Metaphase Filter Objekie Hilfe

[100%]

1 E

Objektschwelle
Metaphase Maskieren
Objekte l6schen

ALl

Bl B3 ¥ ¥



Al-based
classification

%

Datei Bearbeiten Ansicht Metaphase Filter Objekte Hilfe

y
o’ &
#0
ga "

Objektschwelle
Metaphase Maskieren

Objekte l6schen

Bl =

® g

Objekte trennen

Uberlappungen
Objekte prafen

(57

3 Q

y

MetaSystems



Al-based classification — optimized version

B X V|

An Schnellzugriff Kopieren Einflgen Meu

Eigenschaften
anheften =

Zwischenablage Organisieren Gffnen

« O <« MP-... » 210506 v | B

~

@ OneDrive hlame

" Dieser PC Dieser Ordner ist leer,
# 3D-Objekte
=/ Bilder
B Desktop
| Dokumente
4 Downloads
B Musik
B videos
Lokaler Datentrager (C:)

wi I
0 Elemente

Auswahlen

" durchsuchen

MetaSystems
1 2 E] 4 5
3 7 & 5 10 1t 2
& " [ 3 [ 18
] E) El ] ¥ v
A 1 = | 210506 - ] X
Start Freigeben Ansicht e
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MLL Predictor: A hematological ensemble predictor S8, 2,
TP53: c.743G>A Random forest « Model trained on ~500
. . . model manually curated variants
A variant with pathogenic _
in silico predictions  Variants where observed at
least 10x in the MLL data set

'Predictor | Score | » e Variants where

PROVEAN -3.92 unambiguously classified as
VEST3 0.872 | either “somatic mutation” or

' | “benign polymorphism”
M-CAP 0.735 |

SIFT 0.005
Polyphen-2 1.000 |
FATHMM 7.28 |
FATHMM-MKL 0.980 |
Mutation Assessor PASKE |

BT 5000 » MLL Predictor  [[Xerdl

Mutation Taster 1.0

MLL data



MLL Predictor: A hematological ensemble predictor

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 |

SIFT 0.045
Polyphen-2 0.238 |
INCIY 3.23 |
FATHMM-MKL 0.815 |
Mutation Assessor AR |

LRT 0.023 | »
Mutation Taster 1.0 |

MLL data



Data Interpretation: NGS

= Variant annotation & interpretation

I
COSMIC ID DNA Protein SHP Somatic status FATHMM-MKL Count Samples DNMT3A

COSMS3042  c2644CT pRE&2C No oportedin another cancer sample as somatic prryncenc 442 more..

Confirmed somatic variant
PATHOGENIC 44 mare... C-2644C> I

Variant interpretation

Reported in another cancer sample as somatic

COSMB7001 C2644C=A PRESZS No oonaod s omatic variant

|

|

I

: ClinVar Variant annotation
|

I

|

Clinical Humber Last

D HGVS Type Significance Origin ReviewStatus Submitters  Evaluated dbSNP Cytogenetics Guidelines PhenotypelDs
282761 C.2844C=T single nucleotide PathogeniciLikely tic "° asserlion criteria 3 May 31, MedGen MedGen MedGen OMIM OMIM Orpha Orpha
“E2I81 (o Arg882Cys) variant pathogenic somatic o ovided 2016 SNOMED CT

C.2644C=G single nucleotide . no assertion criteria Octoz, -~ . -

(pArg@a2Cly) variant Pathogenic somatic provided 1 2014 MedGen OMIM Orpha SNOMED C

CI644C=A single nucleotide . No assertion criteria Oct 02, - . -

(p.Arg@825er) variant Pathogenic somatic provided 1 2014 MedGen OMIM Orpha SNOMED C

Query basss

DMNA pos. may n chromesomal coordil

rent transoripts are uset

Variant interpretation
« DB (COSMIC,
ClinVar, etc.)
* In-house database
« MLL predictor

| dbNSFP

I Location (hg19) ref alt AAref AAalt MLL Predictor Ensemble Predictions Individual Predictions Alt. Allele Fregs

Mutation Taster | PROVE GnomAD: 0.0126% ESP_EA: 0.0485%

I chr2:25457243 G A R

I Mousz-over dotted-underlined key words for addtional information.

Mutation load distribution (samples: 782)

100 % Yoad (9

Reactive condition: 3 - ALL: 3
Not specified: 14 (

MPN:6— ”
MDSMPN: 12~ 4
MDS: 46

- Other:29 — '
0% - AML: 209
0% 1% - 39% 40% - 60% 61% — 94% 95% - 100%

Frequency

Report-ready
variants




WGS and WTS as diagnostic tools

Cytogenetics Cytomorphology C opy nu mber
variants

T U Structural variants
Fusion transcripts

Molecular
Genetics

Immunophenotyping

N

NS o =N
L L 5 -

Mutation
profiles

||"":::::"'""'"|||T'"""i.....|

DHMT3A
L
LI2AFY
RS ||
ezvei |l | [l [ | | LT
Dk || |||| ‘l [l [

cif || I

Standard diagnostics Diagnostics of the future (?)



WTS <. DNA
(1.5d)  7¢ (~6hn)
Library
Preparation

WGS (~44hr)

90x coverage

. 2x151 cycles

WTS (~24hr) Sequencing
50 mio reads

2x101 cycles

Data
Analysis

"

turn around time rb
5-7 days — p

Processing steps :
- Fragmentation e i
- End repair

- Adapter Ligation

- Amplification (RNA)

Data preprocessing (~7hr)
- FASTQ generation

- Alignment

- Variant calling (SV, SNV)
Data analysis

- Variant interpretation

- Gene expression

- CNV analysis

- SV analysis

=
=
=
=

G~
g

Bridger



MLL 5k genomes

Project status

Number of patients

1,000

750

500

Sequenced Samples (n = 5008)

5 more than 30 entities
719
were sequenced
390 355 L.,
273
174 165 164 157
121 109 101 99 g9 g3
75 72 B85 64 64 62 55 54 51 46 41 40
28 25
I — J—] I e L

= %) =z - — = o - @ = = = g kY o | -l =l =l =l = = = E = = [=] - -l =l = e %)
2 ¢ § 0 ¥ s £ 3 &% 2 ¥ Z & 8 z & %8 z2 3 * y 2 £ £ E 2 £ 2 8 8 & 3

i o 2 o “ o = =%

U = o = o = = y

= ~ = N = A

L= ;‘ ,L %

= z

WGS median coverage: 103x

RNA median read count: 68 Mio

Additional 409 cases
are in process or
sequenced for other
projects
Y 5,417 genomes




4.1, Bridger

Integrated application for WGS data

Select patient

Structural Variants -

Copy Number Variants

Small Nucleotide Variants - Exon Coverage RNA-seq Final NGS report

Copy Number Variants

[1 Gain
B Loss

Structural Variants

/N\ Translocation

L% Report



True label (gold standard methods)

100
Confusion Matrix

CLL% 1 309 5 2 2 1 12 2.: : :
Multiple myeloma- 1
o o0 00

CMML - 3 1 5 EiN 8 1 1 . .

CML - 1 1

PMNH - 5 10 1 11 1

Mastocytosis - 1 1 3 10 8 1 1
80
iyl ‘ MLL 5k
= 1 1 genomes

M2 " ak e Confusion matrix for prediction

LPL- 3 1 E 1

MDS/MPN-RS-T - 1 26 1 9 1
PPBL -
HCL-variant - 1 1 8 2 15 1 &0
BPDCN - 1 1 20 i ez
MGUS - 12 1l 4 T 2

-
[
[

AML - 11 Ak
MDS - 10 3 10
MPMN - 4 2 7

e

BCP-ALL -
T-ALL- 1 1
NK - 18 1
T-NHL- 1 1
MDS/MPN-U - 3 1l
aCML - 2 3 5 9
HGBL - 4 5 1
B-NHL- 9 2 1 6 12 2 6
MLN_eo - 1 4
AUL -
MPAL -

- 40

11 |38

2

6 12

- 20

L o #%
=

hJ
M
-
]
-
-
[
o

dWS

N

FL-
LPL -
MDS/MPN-RS-T -
PPBL -
AML - o
MDS - =
MPN -
BCP-ALL- &

HZL -
MCL -
MZL -
HCL-variant -

CLL -
HGBL - ~
B-NHL -

AUL -
MPAL - w»n

T-ALL- ~
NK -
MLN_eo -

Multiple Myeloma -
CMML -

CML -

PNH -
Mastocytosis -
BPDCN -

MGUS -

T-NHL -
MDS/MPN-U -
aCML -

MLL data
Predicled label (Al only) -0
accuracy=0.846, stdev=0.010



Sample decision plot

Entity Type: LPL
0.4 0.6

0.0 0.2 0.8 1.0
e
snv_MYD88 (1) —
ge_HNF1B (0.737)
ge_ZNF385C (4.239)
ge_STEAP1B (1.614)

ge_KCNN3 (-0.201)
ge THSD7B || (-3.246)
cnv_6g16.2 (-0.041)
cnv_16pl3.3 (0.045)
ge NXPH4 | (0.401)
sv_11--DDX10 | (0)
sv_BCL2 | (1)
ge_JCHAIN | (5.758)
ge_CSGALNACT1 (3.881)
ge_RAPGEF5 | (3.475)
cnv_6q25.2 | (-0.393)
cnv_1q31.3 | (-0.866)
ge EML6 | (5.381)
ge_PTPRG | (4.165)
cnv_6q23.1 | (-0.393)

cnv_6ql5 | (-0.005)

0.0 0.2 0.4 0.6 0.8 1.0
Model output value

aWS7 MLL data




Cloud-based infrastructure for application of Al in hematology

. MLL AWS Organization

E MLL Platform Account
L e 4 resssssssssssssssssmsssssssssssss .
: u Vo i
' Lo |
' Vo '
| | | FPeeemssssmssssesssssscemnem==- N
: v ) i
i o Peripheal Blood Smear Analysis i
'
i ior 0
1 3 ' L
' Amazon $3 v L
T . Website Bucket 5oL I
: ' ' [+ i
: ; |16 i
I '
: : Backend [ elsE Push Images
| ] ' ' : :... Start Training Job:
| Service User : quest: . i - - i Deplay Madels
: ! = B i Informatic User
' ' N B -t
' ' N w
) ' B B S
' - 1 g
) ' N 5l
1 1 ' [ AmazunVSE M|
S I Amazon API AWS Lambda Amazon Amazon Cognite | | | | Informatics o
4 ' Gateway AP| Handler DynamoDB vy Bucket i
i ' v '
! i o '
! T v '
i ' ' -
i ' ' 1
| Research User SS0 J m - d
: . & :
- ' ' 1
Prepare ! AWS Lambda AWS Step Amazon S3 Data AWS I G
Account | | | Workfiows Functions Buckets KMSKey ! v
' ' '
' i
i Researcher Resources i
' !
: i
; : ol oo O = :
L HEE @ AWS 1AM @ !
i External Account i
AWS ' Amazon Amazon ECE. Amazon EMR Amazon AMI Amazon VPC Role AWS KMS Key |
Access || CloudFormaton | SageMak : P p -
Workspace Account H Notebook |
O ] ik F 1
.
-
.
MLL Researcher N Account




Personalized Medicine driven by Genetics 3

------------------
o e

.........

tumor germline

_E s ) | profile profile | £ P
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The virtual medical coach S8, 2,
Model for individualized guidance
Inputs
» Social, behavioral
Genomics and -omic layers
Biosensors
Output

Immune system

' Gut microbiome

. Anatome

Environmental

Physical activity, sleep, nutrition
Medication, alcohol, drugs
Labs, plasma DNA, RNA
Family history
Communication, speech

) Cognition, state of mind
All medical history

World’s medical literature,
continually updated

Virtual health guidance

E. Topol, Nature Medicine, 25, 44-56, 2019



The analogy between self-driving cars and medicine 23

Humans and machine doctors

Now Unlikely

E. Topol, Nature Medicine, 25, 44-56, 2019



Deep Medicine

“Al will not replace physicians.
However, physicians who use Al
will replace those who don't.”




ol

Claudia Haferlach Wolfgang Kern  Manja Meggendorfer

o 5

Wencke Walter ~ Niroshan Nadarajah Stephan Hutter

See behind — Go beyond
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