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This study aims to propose a flight delay prediction model to minimize personal and national economic losses due to
unexpected flight delays caused by continuous time-varying weather conditions and to ensure efficient flight schedule
operations. We utilized departure flight data from Chicago O'Hare International Airport, known for its high number of
flights and departure delay rates, as well as weather data collected at the airport. Due to the imbalance in the dataset
used for the flight delay classification prediction model, the downsampling and Synthetic Minority Over-sampling
Technique (SMOTE) methods were employed to balance between the majority class of non—delayed flights and the
minority class of delayed flights. Additionally, Logistic Regression and Random Forest algorithms were considered for
the prediction model. Analysis for our provided aircraft delay prediction models showed that the RF-based model, with
SMOTE applied to the dataset including weather data, exhibited the best performance. Furthermore, we introduced the
necessity of using the average of the results from training the data separated by different seasons rather than training
the entire year’s data without separation by season to improve performance of prediction for the minority class of

actual delayed flights.
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