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Abstract

In recent years, machine learning has been widely applied in the petroleum field, and machine learning algorithms are now used to
screen the main control factors that affect gas production in gas wells. Taking the CS1-1 well group in a certain gas reservoir as an
example, three machine learning algorithms, namely decision tree, random forest, and gradient boosting regression tree, were used
to select seven influencing factors such as oil pressure, casing pressure, and daily water production as feature variables, and daily
gas production as the target variable for main control factor screening. The results showed that random forest performed the best in
accuracy and reliability, and the selected main control factors were tubing pressure, co fluid flow rate, and daily water production.
Screening the main control factors is of great significance for improving the accuracy of gas production prediction.
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