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A STUDY OF AIRLINE PASSENGER SEGMENTATION BASED ON SATISFACTION EVALUATION

USING DATA SCIENCE TECHNIQUES

Patipan Krirkchaiwan1*, Sophon Mongkolluksamee2

Abstract

Focusing on the quality of airline services is a crucial factor influencing customer satisfaction. This
research aims to study customer segmentation using machine learning techniques to cluster data alongside
analyzing the importance of airline services. The research consists of three main methods: 1. Customer
segmentation using the K-means technique 2. Understanding the decision-making of the model in selecting
each feature for clustering using the Decision tree technique 3. Identifying the important factors for clustering

using Feature importance

The study uses a dataset of passenger satisfaction surveys from airlines in the United States,
conducted in 2015, with data collected from 129,879 passengers who used full-service airlines. The researcher
selected only the dissatisfied passengers, totaling 73,452 individuals. The researcher is interested in
segmenting customers based on similar assessments, which can be divided into five customer groups with

similar evaluations using K-means clustering.

This method resulted in a Silhouette Score of 0.149 and a Davies-Bouldin Index of 1.830. The
researcher aims to identify the factors important to the dissatisfaction of each passenger group, finding that
each group has different dissatisfaction factors, but all passenger groups emphasize the importance of in-flight

internet service.

Keywords : Customer segmentation, Feature important , Machine learning, K-means technique,

Decision tree technique
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