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Radioimmunotherapy

« Abscopal » effect

Radiotherapy
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Entering the OMICS era... Radiomics

FUNCTIONAL |ANATOMICAL

MOLECULAR
IMAGING

Lambin et al. al of Cancer, Volume 48, Issue 4, March 2012



Radiomics

* Translates medical imaging into quantitative data

* Reflects the tumor phenotype (cellular and molecular properties)

* Al approaches: development of imaging biomarkers

Radiomics
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CD8 Radiomics signature

Prediction of CD8 T cells using radiomics on contrast

enhanced CTs
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CD8 Radiomics signature

21

Radiomic score of CD8 T-cells

9

Q3

The radiomic signature could discriminate high vs low genomic score of CD8 T-cells infiltration
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Correlations between the genomic signatures and
radiomic signatures of CD8 T cells and the other
cell populations,

as estimated by the MCP-counter gene signatures
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Usetul for radioimmunotherapy?

Patients
Phase I .
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RTTO cohort

CDS& radiomic score distribution

Lesion response
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RTTO cohort

CDS8 radiomic score distribution

Patient response
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the most immune-infiltrated metastasis was not significantly predicting outcome,  Van den Eynde et al. Oncoimmunology 2020

whereas the least immune-infiltrated metastasis was best in predicting clinical outcome
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Challenges

Spatial heterogeneity assessment

Average tumoral heterogeneity recovered Maximal tumoral divergence recovered
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Number of sampled lesions

Henry T et al. submitted
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Other promising radiomics signature?

Molecular pathways of immune response, inflammation,

TILS, PD-L1
Grossman et al. eLife 2017

Pubmed results _
Tang et al. Sci Rep 2018
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MDSC-targeting immunotherapy : Devkota Sci Adv. 2020 (mice)
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Validity of radiomics studies

Radiomics Quality Score
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ORIGINAL RESEARCH - COMPUTER APPLICATIONS

The Image Biomarker Standardization Initiative:
Standardized Quantitative Radiomics for High-Throughput
Image-based Phenotyping
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Toward ultra-precision radioimmunotherapy ?

Imaging-biomarkers guided radiotherapy

Immunotherapy
. . responsive lesions:
Low-risk lesions (no RT)
High-risk lesions Aplatlve SBRT
(high-dose RT)
. . Immunogenic RT Response
Immunogenic lesion (low-dose RT) evaluation
Toxicity
Risk of relapse assessment
I&-
Monitoring
ion- + .
patilt_eﬁf-lfgvé?ﬁalysis Guiding therapeutics Outcomes prediction Follow-up
Sun R et al (submitted)
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Data Collection Seeing the invisible Predicting the outcomes Clinical validation

Medical Imaging Defj%éi?\gmg Advanced machine learning
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What we still do not really know?

Overlapp between biomarkers for 10 and IO + RT ?

RT impacts stroma

Tumor baseline characterisitcs prevail



Conclusions

+ Heterogeneity is a major challenge for radiomics studies

+ Improve knowledge: tumor biology & radioimmunotherapy
+ Non-invasive way for selection of radiotherapy targets

+ Importance of appropriate radiomics study design

+ A methodology that can encompass TME component beyond CD8
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