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Diagnostics at MLL
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How to confuse a phenotype driven machine learning model

Credit: https://twitter.com/teenybiscuit 

Chihuahua or muffin? Dog or bagel? Owl or apple?



The digital way to cell images

MLL data



Digitalization of blood cells (100x)

(time lapse)

MLL data



(time lapse)

Digitalization of blood cells
„Close-Up“ of single cells (400x oil): 500 cells/smear (~ 4:30 min)

MLL data



BELUGA Study („Better LeUkemia diaGnostics through AI“)
(Clinicaltrials.gov, NCT04466059)

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

54% Segmented Neutrophils 48%

1% Bands 1,47%

2.3% Eosinophils 2,69%

0.76% Basophils 2%

6.96% Monocytes 7.05%

30.91% Lymphocytes 24.53%

1.11% Pathogenic blasts 3.25%

Concordance 94.5% for

malignant/critical cells

∑ = 2,911,915 cells

differentiated

∑ = 14,322,972 cells

differentiated

T. Haferlach et al. ASH 2022 #787



Cloud Platform: Flow Cytometry

MLL data



Dimensionality reduction

Traditional expert human review
High complexity

AI based – reduction of complexity
Easy to understand even for non-experts

Pathogenic cell
population

MLL data



Manual
classification



AI-based
classification



AI-based Batch-Karyotyping (20 metaphases)



Gene ROI

ASXL1 E12, E13

ASXL2 E12, E13

ATRX CCS
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BRAF CCS
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CUX1 CCS
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Gene ROI
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SRSF2 E01

STAG2 CCS

SUZ12 CCS
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TP53 CCS

U2AF1 E02, E06

U2AF2 E02, E06

UBA1 CCS
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ZEB2 CCS

ZRSR2 CCS

Gene ROI

ARID1A CCS

ATM CCS

ATR CCS

BCL10 CCS

BCL2 CCS

BIRC3 CCS

BRAF CCS

BTK E15

CARD11 CCS

CCL22 CCS

CCND1 UTR+CCS

CD28 CCS

CD79B CCS

CREBBP CCS

CXCR4 CCS

DIS3 CCS

DNMT3A CCS

EGR1 CCS

EP300 CCS

ETV6 CCS

EZH2 CCS

FBXW7 CCS

FLT3 E14-E20

FOXO1 CCS

FYN CCS

ID3 CCS

IDH2 E04, E07

IKZF1 CCS

IL7R CCS

IRF4 CCS

JAK1 CCS

JAK2 CCS

JAK3 CCS

KLF2 CCS

Gene ROI

KLHL6 CCS

KMT2D CCS

KRAS CCS

MAP2K1 CCS

MEF2B CCS

MYC CCS

MYD88 CCS

NOTCH1 E26-E28, E34

NOTCH2 E26, E27, E34

NRAS CCS

PAX5 E03

PHF6 CCS

PLCG1 CCS

PLCG2 CCS

POT1 CCS

PTEN CCS

RHOA CCS

RPS15 CCS

RUNX1 CCS

SF3B1 E13-E16

SGK1 CCS

SOCS1 CCS

STAT3 E20, E21

STAT5B CCS

STAT6 CCS

TET2 CCS

TNFAIP3 CCS

TP53 CCS

UBR5 E58

VAV1 E04, E07

XPO1 CCS

ZEB2 CCS

myeloid panel

lymphoid panel

Molecular methods: Panel sequencing

MLL data



Data Interpretation: NGS
Variant annotation & interpretation 

 

C
o
m

b
in

a
ti
o
n

o
f
a
lg

o
ri
th

m
s

Variant discovery

Variant Calling for
SNVs

(Pisces)

Variant Calling for
small SVs

(Pindel)

Combination of SV 
calls

(Scylla)

Analysis-ready
variants

Data pre-processing

Raw Reads

Mapping to reference
(H.sapiens hg19)

Indel Realignment

Analysis-ready
reads

Variant interpretation

Report-ready
variants

Variant annotation

Variant interpretation
• DB (COSMIC, ClinVar, 

etc.)

• In-house database

• MLL predictor (AI based)

AML: 209

ALL: 3

Other: 29

MDS: 46

Not specified: 14

Reactive condition: 3

MPN: 6
MDS/MPN: 12

COSMIC

ClinVar

dbNSFP

DNMT3A
c.2644C>T

MLL data



E. J. Duncavage et al., NEJM, 384, 924-935, 2021

WGS and WTS as diagnostic tools



NCCN, online 3/13/2023 



MDS, n=783 AML, n=614

CML, n=107 MPN, n=376 CLL: n=317

B-ALL (n=324)

Genomic profiles in 5k cohort

T-ALL (n=133)



Confusion matrix of model performance

Multi-mode classifier trained on 
4689 cases with
32 different hematologic neoplasms
and normal category
Dataset was unbalanced (20 – 773 cases)

N. Nadarajah et al. ASH 2022 #790



Transparent AI

Current sample

CML samples in 

training set (n=120)

- CML



Large Language Model (LLM)



Automated diagnosis with Large Language Models (LLM)

Current New Case

Historical Data

Similarity 
Search

1

Instructions

2 Diagnosis
Prediction

LLM



Human Evaluation

Qualitative detailed human 
evaluation of 100 cases

comes to a correctness of

86%

model: gpt-3.5-turbo-0613 w/ temperature 0.0

MPN not detectable with certainty

The normocellular peripheral blood shows an almost normal cell distribution. In addition, a 

slight thrombocytosis without higher-grade anisocytosis is seen microscopically. Purely 

cytomorphologic evidence of MPN is at least not possible, possibly purely reactive changes 

are present. In case of negativity of conventional MPN associated mutations (JAK2, CALR, 

MPL) and persistent suspicion of a disease from the myeloproliferative system, an extended 

molecular genetic diagnosis (e.g. ASXL1, EZH2, TET2, IDH1/IDH2, SRSF2, SF3B1, TP53, 

U2AF1) should be considered for clonality detection and in view of the WHO criteria.

MPN not detectable with certainty

The peripheral blood is normocellular and shows a normal distribution of cells, no blasts. In 

addition, a thrombocytosis with a slight anisocytosis is seen. Purely cytomorphologic 

evidence of MPN is at least not possible, possibly purely reactive changes are present. In 

case of negativity of conventional MPN associated mutations (JAK2, CALR, MPL) and 

persistent suspicion of a disease from the myeloproliferative system, an extended molecular 

genetic diagnosis (e.g. ASXL1, EZH2, TET2, IDH1/IDH2, SRSF2, SF3B1, TP53, U2AF1) 

should be considered for clonality detection and in view of the WHO criteria.

Who is the author?



The virtual medical coach
Model for individualized guidance

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



“AI will not replace physicians. 

However, physicians who use AI 

will replace those who don’t.”

Deep Medicine



The vision: AI driven lab workflows based on > 1.1 Mio. cases

? ?



See behind – Go beyond

Claudia Haferlach Wolfgang Kern Manja Meggendorfer

Stephan HutterNiroshan NadarajahSven Maschek
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