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Frontier areas of research in Computational Oncology

Insights from Real World Data

Multimodal data integration

Cohort derivation and comparison

Patient stratification and predictive models
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Multimodal Integration of Data
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Cancer evolution & drug resistance

Tumor microenvironments & Cellular phenotypes
Tumor-immune interactions

Multi-omic data integration




Proof of principle —improving prediction of
response to ICB in lung cancer
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Proof of principle —improving prediction of
response to ICB in lung cancer
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Proof of principle — improving prediction

response to
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Multi-omic integration in ovarian cancer
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An emerging model for how mutational processes impact
i m m U n O 'reaCt | V | ty Vazquez-Garcia |, Nature. 2022 Dec;612(7941):778-786.

PMID: 36517593

@ Type I interferon
T cell avoidance @ expressing cancer
(absent or naive-like T cells) & ‘® cells
& T cell dysfunction
[ (antigen-experienced
dysfunctional T cells)
@

» Multi-omic views to answer central questions in disease biology

» Mutational processes lead to distinct cell-intrinsic signaling pathways
» Mutational processes associate with immune cell phenotypic states

» Mutational processes associate with distinct tissue architectures



How to scale?
Engineering process & scientific data management system
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Lessons learned

1.

Multimodal data integration is a powerful approach to BOTH real world and
experimental data interpretation

Multimodal data integration is a TEAM sport requiring multidisciplinary
collaboration: clinical expertise <> computational rigor

The path to integrative diagnostics will be informed by large-scale retrospective
multimodal studies, but this field is early in its development

Retrospective data wrangling is a major bottleneck to progress
Investment in data engineering provides scale, automation and standards
Reproducibility is required but hard

Talent is a bottleneck — recruiting accomplished data scientists to work on the
challenges we face in cancer
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