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Description:

Deep learning is expected to have a pivotal role in diagnostic and therapeutic decision-making.
Models trained on genomic data enable the prediction of diverse patient phenotypes with
remarkable accuracy. Therefore, comprehending the key factors underpinning the decisions
of the models becomes crucial [1]. The most influential variables in these models could
potentially serve as biomarkers or therapeutic targets for the disease.

The goal of this internship is to use counterfactual interpretation [2][3][4][5] of a deep neural
network in order to identify relevant biomarkers

The first step will be to construct a highly accurate predictive model for a specified phenotype
(such as cancer type or prognosis) utilizing genomic data. Subsequently, we will explore
counterfactual explanations for the model's predictions. This process will involve solving
constrained optimization problem, integrating the distinct characteristics of genomic data. By
comparing real and counterfactual patients, we intend to identify potential biomarkers.
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