Predicting virus-host interactions at the species level using machine-learning
and a curated viral host range dataset
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MOTIVATION RESULTS

The advent of sequencing technology has led to the discovery of hundreds of Virus-host coevolution leads to discernible Public databases biases impaCt prediCtiOHS

thousands uncultivated viruses, shedding light on how viruses influence microbial . : . : - . .
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process the most important information about any novel virus is lost: who are its hosts? Commonly used signals of coevolution between virus-host pairs were assessed of VHRnet) allows for an unbias comparison between models.
by comparing infection and non-infection events using the VRHnet dataset.
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Machine learning approach to predict virus-host interactions at the species level

APPROACH A B

VHRnet is a dataset of 8849 lab-verified virus-host interactions at the species — Homology_
taxonomic level collected and digitized from NCBI and literature. This dataset A gradient boosting classifier (using the scikit-learn module in Python) was T

contains both positive data (infection) and negative data (non-infection). This data trained and tested using the VHRnet dataset (70% training, 30% testing) to
was at the core to answer each of the questions mentioned above. predict interactions between virus-host pairs at the species taxonomic level. k3 distance [N
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