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B Methods

Network Medicine
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B Methods

Dataset
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B Methods

Yaba_monkey_tumor_virus

INTERPRETATION:
different way in which the
human proteome can be
influence by viral infections

ADVANTAGES:
focus on shared properties
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Oncogenic

Not-oncogenic
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COMBINATION SETS

Combine oncogenic and
not-oncogenic layers in different

proportion

Focus on the “oncogenicity” feature

Creating many samples to perform
statistics

Look for:
o clear distinction of the extreme
cases
o progressive transition between
them




|:| Results

Topological features

BIOLOGICAL
TOPOLOGICAL FEATURE INTERPRETATION
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|:| Results

Topological features

Combined features analysis «

UMAP reduced parameter
space separation

»

Classification between
oncogenic and not-oncogenic «
regions

Progressive shift between
the two regions

»
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. ReSU ItS Single virus-based

_ _ classification
Machine learning
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embedding vector

MACHINE LEARNING

ALGORITHM Perceptron:

interpretable yet
powerful
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B Results

Machine learning

Input features correspond to
human proteins

MACHINE LEARNING
ALGORITHM

Perceptron weights analysis

Set of proteins potentially
connected to some oncogenic
mechanisms
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B Conclusions

Overview Conclusions Perspective

Twofold approach for e With both methods ® C(Classification of early
oncogenic / not-oncogenic evidence of relevant discovered viruses
distinction: distinction between
the 2 cases e Sars-Cov2 analysis
e topological feature e Set of proteins with ongoing
statistical analysis potential connection
e machine learning with oncogenicity in

viruses




Thanks for the attention

any questions?



