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Predicting Stable COVID-19 mRNA Vaccine by Machine Learning
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Abstract

At present, mRNA vaccine shows promising results in late-stage clinical trials to combat the
COVID-19 pandemic. However, there are still many challenges surrounding the vaccine such as their
formulation and stability at room temperature that need to be addressed. In this paper, wepropose
using machine learning methodssuch as XGboost, Random Forest, Catboost, and LightGBM to predict
the stability of mRNA sequence degradation. Using OpenVaccine dataset [3], LightGBM model yields the
best performance with the Mean Column-wise Root Mean Squared Error (MCRMSE) equal to
0.31265.Future works will focus on using other type of machine learing models such as deep learning
to investigate its impact on predicting the stability of mRNA sequence degradation.

Keywords: Covid-19, mRNA Vaccine, Machine Learning, degradation, Drug Discovery
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