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Extraction of feedstock factors affecting catalytic cracking of polycyclic
aromatic hydrocarbons and development of a reaction prediction model

Shimada, lori
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In the residue fluid catalytic cracking (RFCC) process, polycyclic aromatic
hydrocarbons are decomposed by interaction with coexisting components and converted to high-value
monocyclic aromatic hydrocarbons. However, the feedstock composition of the RFCC process is
extremely complex, and it is difficult to construct a reaction model that takes into account the
reactivity of individual components. Therefore, in this study, we investigated the combination of
linear regression and physics-based feature engineering to construct a machine learning model that
predicts the product composition from the feedstock composition and reaction conditions. LASSO model
with physics-based feature engineering achieved higher prediction accuracy than black-box nonlinear

regression models, and also showed the possibility of extracting important reaction factors by
analyzing the constructed model.
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