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Gaussian processes, neural networks and a deep learning model are sampling, and a 4-to-1 training-to-test ratio. sampling, and a 4-to-1 training-to-test ratio. The combination modeling was able to provide better results and
trained using an actual well construction dataset. outperformed all others.
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Several analyses were conducted to estimate the fluid circulating pressure in the wellbore, which is vital
Do S for safe and efficient well construction operations.
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