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BACKGROUND

Diagnosing chemoresistance and predicting patient outcome is still a major challenge in oncology, particularly in
ovarian carcinoma (OvC)!. Tumor progression and response to treatment is deeply influenced by the complex cell-
cell, cell-extracellular matrix (ECM) and cell-soluble factor interactions, including metabolites, that compose the
tumor microenvironment (TME)%34. Alterations in cellular metabolism are a hallmark of cancer cells and
sensitivity to treatment has been correlated with these alterations°. Importantly, the role of tumor cell-extrinsic
microenvironmental factors is increasingly recognized as a modulator of the metabolic phenotype of cancer cells.
Thus, untargeted metabolomics can uncover complex metabolic sighatures of drug treatment responses, which
could be correlated with treatment efficacy and extremely valuable to investigate °. We have recently developed
an OvC patient-derived explant (PDE) model, which retains features of the original TME’ and allow us to perform
ex vivo drug assays simulating the clinical treatment cycles.

*presenting author: rita.mendes@ibet.pt

MAIN GOAL

Development of a framework
for metabolomics using OvC-
PDE models to uncover
potential biomarkers to
facilitate therapy assighment
in a clinical setting.
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