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Background

• Despite the well known advantages that the use of Flow Cytometry (FC) to the study (and 
diagnosis) of mature B cell neoplasms presents, it is largely limited to the characterization of 
leukemias (mainly B cell Chronic Lymphocytic Leukemia) and non-Hodgkin lymphomas with 
peripheral blood or bone marrow involvement.

• Only few laboratories routinely use FC for tissue biopsies, except for samples obtained by 
fine needle aspiration, and even fewer perform a wide characterization with extended panels 
of monoclonal antibodies. The reasons for this underuse could lie both at the practical and at 
the theoretical level: difficulties in sample preparations, the belief that morphology and IHC 
are generally enough and, above all, the lack of a long-standing practice and of a vast 
literature in support.

• The WHO-HAEM4 (2017), the WHO-HAEM5 (2022) and the ICC (2022) deserve a very little 
role to the FC in diagnosis of BNHL, being the immunophenotype of different lymphoma 
entities mainly based on immunohistochemistry. 
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Strategy for detection of clonality



Strategy for detection of clonality

The identification of the clonal population with a purity greater than 95% of monoclonal cells is a fundamental 
prerequisite to a correct phenotyping of pathological cells and is the strategy used routinely in our laboratory



Complete immunophenotyping
From 2003 to 2019, cases with evidence of monoclonality were characterized with a large 
panel of antibodies, including the following:

Surface Markers: 
CD19, CD20, CD5, CD6, CD9, CD10, CD11c, CD21, CD22, CD23, CD24, CD25, CD31, CD38, 
CD43, CD44, CD49d, CD52, CD72, CD74, CD79b, CD81, CD103, CD123, CD138, CD180, 
CD183 (CXCR3), CD196 (CCR6), CD197 (CCR7), CD200, CD220, CD305, CD307d, FMC7

Intracellular Markers (cytoplasmic and nuclear):
cyCD79a, cyBCL-2, cyZAP70, nuMIB-1(Ki-67) and more recently nuIRF4/MUM1, nuBCL-6 
and nuMNDA

Analysis method
Multicolor (6-8 colors) flow cytometry on “pure” clonal population previously identified 
by mean of “backbone markers” (CD19, CD20, or any combination giving a clonality on 
gated cells greater than 95%) 



Distribution of 1465 samples 

in B-NHL categories



1465 cases, ≥ 50 markers. ~ 90.000 data 

A huge amount of data
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Machine Learning: model preprocessing



Machine Learning: model generation



Machine Learning: training set

classification trees





Machine Learning: training set

top ten markers



Machine Learning: Validation set

confusion matrix and predictive accuracy

Training set accuracy

Model I: 85.97%
Model II: 91.27%
Model III: 86.67%
Model IV: 87.35% 

No overfitting:
the predictive models are 
not too rigid nor calibrated 
on the training set, but 
they are rather capable of 
generalizing classification 
rules on new data quite 
effectively



AI-Assisted Immunophenotyping

The on-line interface
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AI-Assisted Immunophenotyping

The on-line interface



BCL2, BCL6, PAX5, IRF4



MYC, BCL6, MIB1, BCL2



diagnosis tot cases
average age  at 

diagnosis
cases F average age F cases M average age  M

DLBCL 193 66 96 68 97 63

FL 193 64 102 63 91 65

MZL 92 67 41 70 51 68

CLL 67 71 31 72 36 69

MCL 27 64 13 65 14 63

LPL 16 69 7 71 9 68

HGBL 20 67 9 73 11 62

BL 10 48 1 70 9 46

Total cases 618 300 318

Distribution of 618 tissue samples in B-NHL 

categories according to WHO-HAEM4R



Classification tree identifies as root node the 

intracellular marker IRF4/MUM1

CD10 <= 38,5
Class = FCL

GC <= 1,415
Class = FCL

IRF4 <= 33,438
Class = FCL

GC <= 
1,435
Class = 
DLBCL

IRF4 <= 11,75
Class = MZL

IRF4 <= 
14,214

Class = CLL

IRF4 <= 7,5
Class = 

MZL

CD10 <= 
30,179

Class = MZL

GC <= 
1,111
Class = 

MZL

Gini = 
0.0

Class = 
MZL

IRF4 <= 
95,5

Class = 
MZL

Gini = 
0,025
Class = 
DLBCL

CD22 <= 
83,0

Class = 
DLBCL

GC <= 
1,406
Class = 
DLBCL

MIB1 <= 
57,0

Class = 
HGBCL

CD305 <= 
52,0

Class = 
DLBCL

CD81 <= 
96,5

Class = BL

MIB1 <= 16,0
Class = DLBCL

MIB1 <= 
37,5

Class = 
DLBCL

CD10 <= 
42,5

Class = BL

CD10 
<= 53,5
Class = 

MZL

Gini = 
0,011
Class = 

FCL

Gini = 0,0
Class = 
HGBCL

CD305 <= 17,0
Class = DLBCL

MIB1 <= 
15,0

Class = 
MCL

Gini = 0,0
Class = 
DLBCL

CD305 <= 
24,5

Class = 
MCL

MIB1 <= 
30,5

Class = CLL

CD10 <= 
38,5

Class = FCL

GC <= 
1,415

Class = FCL

IRF4 <= 
11,75
Class = 

MZL

MIB1 <= 
16,0

Class = 
DLBCL

CD305 <= 
17,0

Class = 
DLBCL

IRF4 <= 46,438
Class = DLBCL

IRF4 <= 
46,438

Class = DLBCL



PPScore to assess 

the impact of each 

marker in defining 

each lymphoma 

category



PPScore: top ten markers



PPScore: top ten markers distribution



HGBCL (28)

UMAP dimensionality reduction analysis



Conclusions and perspectives

➢ The FC phenotype of mature B-cell lymphomas is effective in identifying the major groups of B-
NHLs.

➢ The use of a larger number of markers increases the discriminatory power of the immunophenotype

➢ The use of intracellular markers, although requiring more technical effort, is very useful for the 
classification of B-NHLs, and increases the predictive power of immunophenotype

➢ Many of the current artificial intelligence algorithms are able to correctly use information derived 
from immunophenotypic analysis and create predictive models useful for guiding diagnosis

➢ It is desirable that the efforts of researchers and companies will be focused on achieving an 
appropriate level of standardization of analytical procedures, data analysis and processing of results
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