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High-performance Medicine
The convergence of human and artificial intelligence

RETROSPECTIVE TRANSLATIONAL 
WORKS ON COMPLETED TRIALS

PROSPECTIVE 
CLINICAL/TRANSLATIONAL TRIALS

NETWORK OF CENTERS, LAB
FACILITIES, INDUSTRY

NEW BIOLOGICAL RATIONALES 
AND HYPOTHESES

NEW BIOLOGICAL RATIONALES 
AND HYPOTHESES

DIAGNOSTICS

PROGNOSTICS

PREDICTION

• New specialists

• Debugging

• Interpretation

• Robust Hypotheses

• Simulation

• Robust validation

• Prospective scrutiny

• Clinical translation 

Courtesy of S. Ciavarella







Artificial Intelligence, Machine/Deep-Learning

Nagy et al., Machine Learning in Oncology: What should clinicians knows ?, JCO-Clinical Cancer Informatics, 2020



§ Supervised – clinical outcomes are known and already defined (e.g., clinical 
response, progression, death)
§ Tree-based vs. Neural Network based algorithms 

Techniques

Decision Tree Random Forest

Images top-left from “The Guide to Decision Tree-based Algorithms in Machine Learning”, https://omdena.com/blog/decision-tree-based-algorithms/

https://omdena.com/blog/decision-tree-based-algorithms/


§ Supervised – clinical outcomes are known and already defined (e.g., clinical 
response, progression, death)
§ Tree-based vs. Neural Network based algorithms 

Techniques

Decision Tree Random Forest Neural Networks

Images top-left from “The Guide to Decision Tree-based Algorithms in Machine Learning”, https://omdena.com/blog/decision-tree-based-algorithms/
Images top-right from Radakovich et al., Machine Learning in hematology malignancies, The Lancet Hematology, 2020
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§ Supervised – clinical outcomes are known and already defined (e.g., clinical 
response, progression, death)
§ Tree-based vs. Neural Network based algorithms 

§ Unsupervised –
outcomes are not defined 
(e.g., UMAP, NMF)

Techniques

Decision Tree Random Forest Neural Networks

Images top-left from “The Guide to Decision Tree-based Algorithms in Machine Learning”, https://omdena.com/blog/decision-tree-based-algorithms/
Images top-right from Radakovich et al., Machine Learning in hematology malignancies, The Lancet Hematology, 2020 

Image bottom-left from “Hierarchical Clustering Algorith fro Machine-Learning” https://medium.com/geekculture/hierarchical-clustering-simply-explained-f86b9ed96db7 , 
Image bottom-right from “Basic Machine_learning” https://genomicsclass.github.io/book/pages/clustering_and_heatmaps.html

https://omdena.com/blog/decision-tree-based-algorithms/
https://medium.com/geekculture/hierarchical-clustering-simply-explained-f86b9ed96db7
https://genomicsclass.github.io/book/pages/clustering_and_heatmaps.html


Typical Machine-Learning pipeline

Image from Radakovich et al., Machine Learning in hematology malignancies, The Lancet Hematology, 2020
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Image from Radakovich et al., Machine Learning in hematology malignancies, The Lancet Hematology, 2020
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Image from Radakovich et al., Machine Learning in hematology malignancies, The Lancet Hematology, 2020

Typical Machine-Learning pipeline



Image on the left from “Glass box, Machine Learning and Medicine”, https://glassboxmedicine.com/Abbreviations. ROC: Receiver Operating Characteristic; AUC: Area under curve

Metric evaluation

https://glassboxmedicine.com/
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Image on the left from “Glass box, Machine Learning and Medicine”, https://glassboxmedicine.com/
Image on the right from Radakovich et al., Machine Learning in hematology malignancies, The Lancet Hematology, 2020

Abbreviations. ROC: Receiver Operating Characteristic; AUC: Area under curve; TN=True Negative; TP=True Positive; FP= False Positive; FN= False Negative

Metric evaluation

Area Under Curve

https://glassboxmedicine.com/


Image on the left from “Glass box, Machine Learning and Medicine”, https://glassboxmedicine.com/
Image on the right from Radakovich et al., Machine Learning in hematology malignancies, The Lancet Hematology, 2020

Abbreviations. ROC: Receiver Operating Characteristic; AUC: Area under curve; TN=True Negative; TP=True Positive; FP= False Positive; FN= False Negative

Metric evaluation

Area Under Curve

https://glassboxmedicine.com/


§Translational Medicine. Biomarker discovery, Drug-targeted prioritization, 
Drug discovery, Prediction of chemical toxicity, Genetic variant annotation, 
Prognostication

§Clinical Practice. Disease Diagnosis, Interpretation of patients’ genomics, 
Treatment selection, Automated surgery, Patient Monitoring, Patient risk 
stratification for primary prevention

P. Becker, Machine Learning in Hematology, 60th ASH Annual Meeting, 7-10 Dec 2019, Orlando, USA

Machine Learning in Hematology



§Translational Medicine. Biomarker discovery, Drug-targeted prioritization, 
Drug discovery, Prediction of chemical toxicity, Genetic variant annotation, 
Prognostication

§Clinical Practice. Disease Diagnosis, Interpretation of patients’ genomics, 
Treatment selection, Automated surgery, Patient Monitoring, Patient risk 
stratification for primary prevention

§At the 2021 ASH meeting, 74 abstracts included within either title or 
methods the keywords “Machine-Learning”, “Deep-Learning”, and “Artificial 
Intelligence”, respectively. Of these, 9 were on lymphoma projects

§At the 2022 ASH meeting, 31 abstracts and a dedicated congress section

P. Becker, Machine Learning in Hematology, 60th ASH Annual Meeting, 7-10 Dec 2019, Orlando, USA

Machine Learning in Hematology





Image from Chen et al., Automatic identifying and counting blood cells in smear images by using single shot detector and Taguchi
method, BMC Bioinformatics 22 (Suppl 5), 635 (2021). https://doi.org/10.1186/s12859-022-05074-2



Abbreviations. AUC: Area under curve; AAStage: Ann Arbor Stage; LDH: Lactate Dehydrogenase; EN: Extranodal involvement; PS: WHO Performance Status; MTV: Metabolic Tumor Volume; SUV:
standardized uptake value; Dmaxbulk: maximum distance between the largest lesion and any other lesions; DSUVpeakpat: the maximum difference in SUVpeak between two lesions; Dvolpat: maximum
difference in volume between two lesions

Best clinical model. AUC = 69%
AAStage + LDH + ENinv

Best clinical + MYC model. AUC = 71%
MYC + PS + LDH + ENinv

Best radiomics model. AUC = 77%
MTV + Dmaxbulk + DSUVpeakpat + Dvolpat

Combined model. AUC = 77%
MYC + 
LDH + PS + 
MTV + Dmaxbulk + DSUVpeakpatient + DVolpatient



Abbreviations. AUC: Area under curve; AAStage: Ann Arbor Stage; LDH: Lactate Dehydrogenase; EN: Extranodal involvement; PS: WHO Performance Status; MTV: Metabolic Tumor Volume; SUV:
standardized uptake value; Dmaxbulk: maximum distance between the largest lesion and any other lesions; DSUVpeakpat: the maximum difference in SUVpeak between two lesions; Dvolpat: maximum
difference in volume between two lesions

Best clinical model. AUC = 69%
AAStage + LDH + ENinv

Best clinical + MYC model. AUC = 71%
MYC + PS + LDH + ENinv

Best radiomics model. AUC = 77%
MTV + Dmaxbulk + DSUVpeakpat + Dvolpat

Combined model. AUC = 77%
MYC + 
LDH + PS + 
MTV + Dmaxbulk + DSUVpeakpatient + DVolpatient



Abbreviations. AUC: Area under curve; AAStage: Ann Arbor Stage; LDH: Lactate Dehydrogenase; EN: Extranodal involvement; PS: WHO Performance Status; MTV: Metabolic Tumor Volume; SUV:
standardized uptake value; Dmaxbulk: maximum distance between the largest lesion and any other lesions; DSUVpeakpat: the maximum difference in SUVpeak between two lesions; Dvolpat: maximum
difference in volume between two lesions





From Park et al, Biomaterial Research, 2018

TAM: Tumor Associated Macrophage,
CD28, CTL, TCR : CD4/8 T-cell,
Fibroblast,
Treg: regulatory T-Cell,
MDSC: Myeloid Derived Suppressor Cell, 
Dendritic Cells,
NK cell: natural killer cells,
....
Adipocytes,
Pericytes,
Artery endothelial cells,
Mast cells,
Neutrophils,
Eosinophils,
Monocytes,
Follicular helper T-cells,
Gamma-delta T-cells,
Plasma cells,
Memory B cells,
Naïve B cells

TME
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Figure 1

Vegliante et al., Hematological Oncology, 2022
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Figure 1

Vegliante et al., Hematological Oncology, 2022

Figure 2

NR1H3low
NR1H3high

O
ve

ra
ll 

su
rv

iv
al

 (O
S)

0.00

0.25

0.50

0.75

1.00

20 400 60 80 100 120 140

O
ve

ra
ll 

su
rv

iv
al

 (O
S)

O
ve

ra
ll 

su
rv

iv
al

 (O
S)

0.00

0.25

0.50

0.75

1.00

0.00

0.25

0.50

0.75

1.00

p-value = 0.013

NR1H3high

NR1H3low

20 400 60 80 100 120

p-value = 0.0001

NR1H3high

NR1H3low

p-value = 0.032

NR1H3high

NR1H3low

NR1H3low
NR1H3high

NR1H3low
NR1H3high

20 400 60 80 100 120 140 160 180

Time (months)

Time (months)

Time (months)

A

B

C

154

20 400 60 80 100 120

131
21 15

119
13

87
10

39
6

13
0 0

0

266 195
48 23

129
16

72
6

32
1

8
1 1

4
0
0

121 91
24 15

66
8

36
5

17
3

10
2 1

4
0
0

0
1

1
5

20 400 60 80 100 120 140 160 180

DLBCL discovery set

DLBCL validation set
(on-trial)

DLBCL validation set
(real-world)



Objectives

Study of both clinical and TME 
variables to combine a novel clinical 
prognostic index able to define
patients’ risk

Translational applicability for potential
drug discovery

Zaccaria GM, Vegliante MC et al., Hemasphere, 2023
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LIME SHAP
Local Interpretable Model-

Agnostic Explanations SHapley Additive exPlanations

Innovative techniques of gene selection via XAI 
for prognostic purposes  

ARTIFICIAL NEURAL NETWORK XAI TECHNIQUES

Explainable Artificial Intelligence - XAI



Conclusions

§ Machine Learning can help in prognostication

§ ML-based Applications in hematology are increasing

§ Supervised and unsupervised ML must be carefully handled to solve a  
research problem with a robust pipeline

§ Simple ML tools as decisional trees might be useful to answer to simple 
research problems as combination of clinical and TME determinants

§ XAI (Explainable Artificial Intelligence) might be potential in boosting the 
achievement of novel findings
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