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MAIN GOALBACKGROUND

Diagnosing chemoresistance and predicting patient outcome is still a major challenge in oncology, particularly in
ovarian carcinoma (OvC)1. 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)2,3,4. Alterations in cellular metabolism are a hallmark of cancer cells and
sensitivity to treatment has been correlated with these alterations5. 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 signatures of drug treatment responses, which
could be correlated with treatment efficacy and extremely valuable to investigate 6. We have recently developed
an OvC patient-derived explant (PDE) model, which retains features of the original TME7 and allow us to perform
ex vivo drug assays simulating the clinical treatment cycles.

Development of a framework 
for metabolomics using OvC-

PDE models to uncover 
potential biomarkers to 

facilitate therapy assignment
in a clinical setting. 

✓ OvC-PDE response to cyclic drug exposure was
sample-specific: in general, carboplatin induced
the lowest cytotoxic response, followed by
paclitaxel and the combination. The latter
presents the highest variability among cases.

CONCLUSION AND FUTURE WORK

Overall, this study provides a proof-of-concept for drug response evaluation by 
metabolic footprinting, paving the way to uncover potential biomarkers of drug 
response and resistance. Currently, we are focused on the identification of the 

discriminant features among treatment groups.
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OvC-PDE culture establishment Untargeted metabolomic analysis

LC:
▪ Hydrophilic interaction liquid chromatography (HILIC)
▪ Reversed-phase liquid chromatography (RPLC)
Ionization modes:
▪ Positive
▪ Negative

OvC-PDE culture 
supernatants

✓ OvC-PDE long-term dynamic cultures retained features of the original tumor: preserve cell
viability, tumor architecture and cell type heterogeneity for different OvC types7.

Example shown for HILIC column in the negative ionization mode.

Data preprocessing 

Before Normalization After Normalization

Intensity Normalized Intensity

Data pretreatment 

Example shown for HILIC column in the negative ionization mode.

✓ The correction of retention time drifts
(left) and normalization of peak intensities
across samples and features (right) was
performed. After this features become
comparable, with boxplots symmetric and
of similar range (right).

✓ PCA of metabolic footprints revealed different drug response groups in both
columns and ionization modes tested, supporting the existence of characteristic
metabolic signatures. The cluster of quality control (QC) data points indicates
adequate performance of the analytical and data processing platform.

(N=2 OvC cases, with 3 technical replicates/condition, and 3 LC-MS injections each, total=144 data points)

✓ PLS-DA of metabolic footprints found discriminant features between drug
treatment groups for subsequent identification of corresponding metabolites: a
panel of 25 metabolic features was selected by VIP score
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Component 1 (40.1%) VIP scores
Example shown for RPLC column in the negative ionization mode.

† age range 25-85 years, Median age 62 years

*2 and **1 case with chemotherapy treatment before surgery.
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