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Abstract

This study presents an interpretable alternative approach to power usage prediction by comparing the performance and
interpretability of Genetic Programming (GP)-based symbolic regression (SR) and various neural network models (RNN,
LSTM, GRU). Although conventional neural network models deliver high prediction accuracy, their black-box nature
makes it difficult to clearly interpret the relationships between variables. In contrast, GP-based SR enhances
interpretability by generating explicit formulas that describe these relationships. When applied to the maximum demand
power prediction problem in a manufacturing plant using the same dataset, SR not only achieved higher prediction
performance compared to the neural network models but also provided interpretable formulas. The experimental results
empirically confirm that SR offers significant advantages over neural networks in terms of both prediction performance
and interpretability.
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5 cos(cos(ix6 ))*cos(cos( Y6 ) %
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sin(tan(tan(—0.868)))*log (0.987)
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7
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[ X6 X6, / X6 tan(tan(X7)) X6,|,| tan(tan(X7))
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)

tan(cos((v+0.943 +X7)*%))




