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In recent years, artificial intelligence (Al) has been trialed as a tool to accelerate chemical synthesis as it
can learn from existing experiments to propose new optimized reactions. It has been shown that certain

robots are already capable of being as efficient as and even outperforming human chemists in select
applications, but how ? In this project, we will train our own machine learning (ML) model with a given data
set and explain its predictions to encourage an increase in the usage of Al in chemical synthesis.
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[ We want a model that is efficient but also interpretable. Can we guarantee both ? }
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shap_global( "K2C03")

The mean SHAP value impact on the yield when K2CO03 is present is 21.802705896845396
The mean SHAP value impact on the yield when K2CO3 is absent is -4.7982917950889791

Overall, the presence of K2C03 makes the yield higher.




