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Abstract Artificial intelligence, big data, the internet of things, cloud, and blockchain can be cited as
keywords representing the 4™ industrial revolution. Due to the overflow of data, it has become important
to extract necessary knowledge from a large number of data and use big data that can analyze and
interpret data to identify major issues currently emerging and predict the future. This research intends
to suggest an analysis framework that can predict flight delays and cancellations and lay the groundwork
for implementing a flight delay prediction system. In particular, this system is developed by analyzing
the effect of weather data on flight delays and cancellations among various factors that affect airports.
Through the exploratory data analysis using several algorithms such as logistic regression, random forest,
and support vector machine, this research concluded that weather affects flight delays. Based on the
conclusion of this research, in-depth analysis of various reasons that raise the predictive power of
probability of flight delays and cancellations is necessary. In addition, the conclusion indicates that the

study of the establishment of a flight delay prediction system should continue.
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Fig. 2. Example of Decision Tree
Source : https://ratsgo.github.io/machine%20learning/2017/03/26/tree/
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Fig. 3. Example of Decision Boundary in SVM

Source : https://hleecaster.com/ml-svm-concept/
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Fig. 4. Result of Clustering with Dendrogram and Cutree
Source : https://ybeaning.tistory.com/25
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