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Identification of DLBCL subtype and survival time
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Specialists Involved

- Medical hematologist-oncologist

- Pathologist

- Radiologist or nuclear medicine   
   physician

- Radiation oncologist

- Surgeon

Develop a method for the identification of DLBCL 
using multimodal machine learning that achieves 
results comparable to or better than those reported 
by monomodal methods.

Design an early data fusion strategy for the 
automatic identification of DLBCL.

Design a late fusion strategy for the automatic 
identification of DLBCL.

Generate synthetic DLBCL data from generative 
models (GANs).

Enhance the early and late data fusion strategies 
designed for the identification of DLBCL.

Previous results

- 42 tissue microarrays (TMAs), digitized, 
each with 6 stains (HE, CD10, BCL6, 
MUM1, BCL2, MYC)

- 150,000 patches of 224x224 pixels

-  209 patients with DLBCL cases

-  Age, genetic translocations (MYC, BCL2, BCL6), 
overall survival, follow-up status, clinical and 
molecular variables

Prediction of overall survival with clinical data

Prediction of overall survival with geometric data

Fusion

Prediction of overall survival with clinical data

Prediction of overall survival with geometric data

Fusion

Identification of the DLBCL subtype on digital images

Identification of the DLBCL subtype using 

LymphGen
-Clinical data( PAtient age, sex,        
  tumor location,                               
  survival,therapeutic                        
  response)
- Mutations
- Copy number alterations
- Gene fusions
- NCI Cohort: 574 cases
- Harvard Cohort: 304 cases
- BCC Cohort: 332 cases

Genomic data
Advances of the period
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General methodology

Diffuse Large B-Cell Lymphoma (DLBCL) is one of the most prevalent lymphoma 
subtypes in both young and older adult populations. Although it has high 
remission rates, an erroneous or delayed diagnosis can lead to a fatal outcome.

This work proposes an automatic DLBCL identification method using multimodal 
learning. Unlike conventional machine learning approaches, which typically rely 
on a single data modality, our proposal integrates information from different 
sources to emulate the comprehensive clinical diagnostic process.

Initial results, obtained with a convolutional neural network (CNN) architecture, 
show an accuracy of 0.95 in DLBCL subtype classification. Furthermore, the 
multimodal combination of features has enabled predictions of patient survival 
time, achieving an R² value of 0.86.

Subsequently, using a genomic database from an independent cohort, the 
same classification task was performed, yielding an R² of 0.71.

As a next step, all available data modalities will be integrated to improve both 
the accuracy of DLBCL subtype classification and the prediction of survival 
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