Circulating cell-free DNA size distribution as a prediction marker for
early progression undergoing immune checkpoint inhibitors
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Despite a significant pro.por.tlon (20 to 40 /o). of a(.jv.anced cancer patients having long-term study proposing an innovative approach based on patented, standardized 3ng from tumor cayg D

respo.nse to treatment with llmmune.checkpomt |nh|b|to.rs, many of them .do n.ot respond .and cfDNA quantification methods (provided by ID-Solutions and Adelis),

experience early progression, defined as progression at the first imaging evaluation. . . . . .

o _ o _ _ o = o providing size profiles fluctuations of plasmatic cfDNA.

Establishing reliable and early predictive biological markers for guiding clinical practice is

essential. Analysis of circulating cell-free DNA (cfDNA) fragments size distribution profiles OBJECTIVE

(fragmentome)? offers a promising non-invasive method for assessing treatment response To model real-time variations in cfDNA size profile to early predict response and survival

independently of a specific molecular target, cancer type, and treatment. following immunotherapy for five cancer types, to early adjust therapeutic strategy and

\_ prevent ICl-related progression or toxicity. Y,
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« CfDNA size profiles quantified before each immunotherapy infusion, from which 11 cfDNA metrics are extracted
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