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Workload in the flow lab

Automation 2

Automation 1

Manual
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Workload in the flow lab





Numbers of panels per year
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Manual evaluation:
• 10-30 min per case

 ~165 min/day for analysis in 2020*

ML model + manual inspection:
• ~2-3 min per case

 ~58 min/day for analysis* 







Antigen profiles for the different entities



Exemplatory self-organizing maps (SOM)
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AI approach for automated flow cytometric diagnosis
Workflow overview

MFC data

Generation of 

SOMs

Node weights and 

distribution info

Train deep convolutional 

neural network

Class prediction

 Automated approach tested in parallel 

to expert routine diagnostics



Study population

n = 2304

n = 968

3272 patients with 
suspected mature 
B-cell neoplasm

April – July 2019

Flow cytometry based 

on two 9-color tubes

Tube 1:
FMC7, CD10, IgM, CD79b, CD20, 

CD23, CD19, CD5, CD45

Tube 2:

Kappa, Lambda, CD38, CD25, CD11c, 

CD103, CD19, CD22, CD45



Classes analyzed

Class Absolute number

of cases

Relative number

of cases

Chronic lymphocytic leukemia 481 14.7%

CLL/PL 19 0.6%

Follicular lymphoma 16 0.5%

Hairy cell leukemia 61 1.9%

Variant hairy cell leukemia 3 0.1%

Lymphoplasmacytic lymphoma 46 1.4%

Mantle cell lymphoma 29 0.9%

Marginal zone lymphoma 11 0.3%

Monoclonal B-cell lymphocytosis 229 7.0%

No evidence of mature B-cell neoplasm 2377 72.6%



Evaluation strategy

Deep convolutional
neural network

Class probabilities
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Cases with probabilities >= 
95% were compared to expert 
analysis results (2445/3155)

• 117 cases with
infiltration rate <1%

• 778 cases with
infiltration rate >=1%

• 2377 negative cases

Included

Excluded



Prediction accuracy
mature B-cell neoplasm vs. normal

Prediction correct 2437/2445 (99.7%)

8 cases misclassified (3 BM, 5 PB)

True class % infiltration Predicted class

MCL 1 Normal

HCL 1 Normal

CLL 1 Normal

CLL 4 Normal

LPL 2 Normal

LPL 2 Normal

normal --- MZL

normal --- MZL



Prediction accuracy
including 9 classes of mature B-cell neoplasm and normal

Prediction correct 2429/2445 (99.3%)

16 cases misclassified (5 BM, 11 PB)

True class % infiltration Predicted class

MCL 2 CLL/PL

MCL 61 CLL/PL

MCL 64 CLL/PL

MBL 8 CLL/PL

HCL 24 MZL

vHCL 17 MZL



Training data

Test data

6393 Samples

23 parameters

Validation
99.6%

0.01% 0.25%0.15%

Classifiers

• Decision tree

• Deep Learning model

• XGboost

Sample categorization

• CLL, HCL, no lymhoma

• CD5+, HCL, other CD5-, no lymphoma

• Each lymphoma as its own classAmazon 

Web 

Services

New matrix-based approach



• Continuous improvement and inclusion of other hematological entities

• BELUGA study

Sample categories Selection of cases Classifier, accuracy

DT DL XG

CLL, HCL, no lymphoma >90% PP, clone size >0.1% 97% 99% 99%

CD5+, HCL, CD5-, no lymphoma >95% PP, clone size >0.1% 96%

Each lymphoma on its own >95% PP, clone size >0.1% 93%

Results: prediction accuracy





Overview of the used dataset

∑ 36,662 cases
• five-fold cross validation

• 80/20 training/test T-NHL

204 T-NHL

40 Natural killer cell
neoplasms

2,687 no T-NHL

(n=2,931)

T-NHL: T/NK-cell Non-Hodgkin lymphoma

B-NHL

440 Hairy cell leukemia

3,771 Chronic lymphocytic leukemia

3,062 CD5neg NHL

1,073 no NHL

1,318 CD5pos NHL

(n=9,664)

B-NHL: B-cell Non-Hodgkin lymphoma

MM/
MGUS

1,297 Multiple myeloma (MM)

1,261 MM (<10% plasma cells in FC)

3,613 MGUS

1,332 no MM/MGUS(n=7,503)

MGUS: Monoclonal gammopathy of undetermined significance

364 c-ALL/Pre-B-ALL
ALL

189 no ALL

55 Cortical T-ALL

34 Pre-T-ALL

11 Pro-T-ALL

3 Mature T-ALL

15 Early T-cell precursor-ALL

95 Pro-B-ALL(n=766)

T-/B-ALL: T-cell/B-cell acute lymphoblastic leukemia

AML

3,120 AML

841 no AML
(n=3,961)

AML: Acute myeloid leukemia

MDS

5,206 MDS

6,631 no MDS

(n=11,837)

MDS: Myelodysplastic syndromes



Identification of relevant features
Feature engineering

MDS
(n=3,275)

ALL (n=339)

B-NHL
(n=3,145)

MM
(n=1,800)

T-NHL (n=772)

AML
(n=345)

Marker distribution

of subpopulations

+/- threshold on 

marker values

Clustering to identify cell

populations of interest

Covariance between

key markers

Expert-based
features

Data

rescaling

Data standardization

Data 

transformation

Number of

applied features



Sample classification procedure

Training data (80%)
∑ 29,330 Samples

Test data (20%)

∑ 7,332

ML training

Evaluation

Final models
(separate models per entity)

T-NHL

B-NHL

MGUS/ MM
MDS

AML

Retraining

ALL

Intended diagnostic workflow

Sample with

suspected diagnosis

Yes

No

T-NHL

T-ALL

B-ALL

Used ML models

XGBoost

Support-vector

clustering

XGBoost + 

SMOTE models

AutoGluon





Performance evaluation
AML

Yes

No

AML?

Average recall: 99.8%

XGBoost

AML

% of cases with

PP ≥ 0.99
82%

2,706
(100%)

2

552
(99.6%)

2



Performance evaluation
T-NHL

Weighted and linear SVC

T-NHL100%

Yes

No T/NK-NHL

T-NHL?

NK cell

neoplasia

2,651
(98.9%)

30 39

32
(80%)

8 12

167
(82.2%)

36 23

Average recall: 87%



Performance evaluation
ALL

Pro-B-ALL c-ALL
Cortical

T-ALL

non-cortical

T-ALL
no ALL

Pro-B-ALL 73 4 0 0 0 ∑ 77 

c-ALL 6 319 0 0 5 ∑ 330

Cortical T-

ALL
0 0 35 2 2 ∑ 39

non-cortical

T-ALL
1 0 4 40 3 ∑ 48

no ALL 0 2 2 1 157 ∑ 162

XGBoost + SMOTE models

ALL

Average recall: 91.7%

% of cases with

PP ≥ 0.9
82%



Performance evaluation
Multiple myeloma/MGUS

AutoGluon
(weighted L2 ensemble of XGBoost, LightGBMXT & 

CatBoost)

MM
% of cases with

PP ≥ 0.9
66%

Yes

No

MM/MGUS

MM?

MGUS
Average recall: 97.7%38

507
(93%)

388
(100%)

18

113
(100%)

20



Performance evaluation
MDS

Yes

No

MDS?

Average recall: 85.6%

488
(85.6%)

12882

% of cases with

PP ≥ 0.9
73.7%

754
(85.5%)

82128

XGBoost
(+approach similar to manual gating strategies)

MDS



Performance evaluation
B-NHL

Hierarchical model

CLL+CLL/PL+

MBL+MCL
HCL+HCL-v LPL+MZL

no

lymphoma
other

CLL+CLL/PL+ 

MBL+MCL
3852 6 64 81 6 ∑ 4009 

HCL+HCL-v 1 288 18 4 0 ∑ 311

LPL+MZL 54 3 1488 46 2 ∑ 1593

no lymphoma 1 1 4 754 0 ∑ 760

other 6 0 28 4 53 ∑ 91

B-NHL

Average recall: 87.7%

% of cases with

PP ≥ 0.92
76.3%



Results summary

AML

B-NHL*

ALL

MM/
MGUS

T-NHL

MDS

ALL

AML

MM

B-NHLa

T-NHL

MDS

B-NHLb

B-NHLa – first model
B-NHLb – optimized model

*



Application of AI for flow based MRD (MM)



Automated classification of PB and BM cells

(Time lapse)



AI-based
classification



WTS
(1.5d)

DNA
(~6hr)

Library 
Preparation

Sequencing

Data 
Analysis

Processing steps
- Fragmentation

- End repair

- Adapter Ligation

- Amplification (RNA)
WGS (~44hr) 

90x coverage

2x151 cycles

WTS (~24hr) 
50 mio reads

2x101 cycles

turn around time

5-7 days

Data preprocessing (~7hr)
- FASTQ generation

- Alignment

- Variant calling (SV, SNV)

Data analysis
- Variant interpretation

- Gene expression

- CNV analysis

- SV analysis

Bridger



Report

Copy Number Variants

Gain

Loss

Structural Variants

Translocation

Integrated application for WGS data 



MLL 5k genomes
LGBM confusion matrix



Integration diagnostics

• Implementation of AI and ML in diagnostic flow cytometry

• Implementation of AI and ML in flow based MRD assessment

• Implementation of AI and ML in cytomorphology, cytogenetics and NGS

• Application of WGS and WTS

• Integration of all methods by AI

• Classification according to WHO 2022




