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Prediction of photocurrent density of various photoanodes using
machine learning with feature extraction from analytical data.
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Photoanodes are promising for solar-driven hydrogen evolution, yet their performance
(photocurrent) varies despite identical preparation conditions. This suggests that the
unidentified factors could affect the photocurrent of the photoanodes. To clarify the factors,
we have developed a scheme to predict the material performance using machine learning
(ML) from analytical data, including X-ray diffraction (XRD), Raman spectroscopy,
UV/Vis absorption spectroscopy, and photoelectrochemical impedance spectroscopy (PEIS).
The analytical data provided features, such as peak intensities or positions, which were used
to predict photocurrent values. Then, the ML process identified the dominant factors for
performance. This scheme was applied to hematite and bismuth vanadate photoanodes.?
Additionally, we adjusted the operational parameter for the sample preparation based on the
dominant factors through ML to enhance the photoanode activity.®

In our previous studies, we were unable to determine the contributions of the dominant
descriptors to the performance because we used various ML methods. In addition, the use of
multiple ML functions could negatively impact the robustness of our scheme when applied
to various material data with target values. To address these issues, we have developed a
comprehensive and robust approach that encompasses data preprocessing, ML computations,
descriptor selection, and importance analysis of the dominant descriptors. The
accompanying figure illustrates our recent ML methodology. In this presentation, we
explain the calculation scheme and present the results of its application to hematite, bismuth
vanadate, and various photoanodes.
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Figure. Overall ML scheme for descriptor selection and contribution analysis are shown.
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