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Thailand is undergoing a pivotal transformation in its transportation
infrastructure, with the development of high-speed rail (HSR) positioned as a key
national initiative. This strategic effort is aimed at strengthening interregional
connectivity, enhancing the efficiency of public transit systems, and driving long-term
economic growth. In particular, the cooperation between Thailand and China on major
HSR projects—such as the Bangkok-Nakhon Ratchasima line and its extension to
Laos—marks a structural shift with significant implications for national travel behavior
and modal choices. Although HSR has been successfully implemented in numerous
countries, demonstrating benefits such as reduced travel times, lower emissions,
improved safety, and urban development stimulation, Thailand remains in the nascent
stages of adopting this technology. The country currently lacks sufficient empirical
evidence regarding passenger preferences, travel demand forecasts, and the potential
impact of HSR on existing modes of transport. These knowledge gaps present a pressing
challenge for transportation planners and policymakers, who require robust data to
support informed decision-making and policy development. In response, this research
seeks to bridge these gaps by analyzing travel mode choice behavior within the context
of Thailand’s planned HSR system. Leveraging machine learning (ML) techniques and
stated preference (SP) survey data, the study investigates the factors influencing
passengers’ travel decisions and assesses the likelihood of a modal shift from
traditional transportation to HSR. The study is structured into three interrelated sub-
studies, each contributing to the overarching goal of generating predictive behavioral

insights through advanced data-driven methodologies.

Study 1 examines the key determinants influencing the choice to use HSR in

Thailand and compares the predictive accuracy of the Binary Logit Model (BL) with



v

three ML models: XGBoost, LightGBM, and CatBoost. Using SP data from 3,200
respondents across 16 provinces, the results show that CatBoost achieved the highest
performance, with an accuracy of 0.8853 and an area under the curve (AUC) of 0.9584.
Influential variables included travel time, cost, access time to stations, service
frequency, and household income. These findings highlight the value of ML in
enhancing the understanding of passenger decision-making processes and in supporting

more effective transport policy design.

Study 2 evaluates the impact of HSR on the intercity travel market in Thailand
by analyzing modal share shifts using the CatBoost model in comparison with the
conventional Multinomial Logit (MNL) model. Based on the same dataset, findings
indicate that HSR could capture up to 88.91% of the market share, significantly
displacing bus, traditional rail, and domestic air services. Key factors influencing this
shift include fare levels, service frequency, travel time, waiting time, and station
accessibility. SHAP (SHapley Additive exPlanations) analysis was employed to interpret
the relative importance of these variables, offering actionable insights for pricing

strategies, service enhancements, and station accessibility improvements.

Study 3 focuses on predicting travel behavior using both traditional and deep
learning models, including MNL, XGBoost, LightGBM, CatBoost, Deep Neural Networks
(DNN), and Convolutional Neural Networks (CNN). Utilizing the same SP dataset,
CatBoost again demonstrated superior predictive performance, with an AUC of 0.9113
and an accuracy of 0.7557. Fare, service frequency, and waiting time emerged as the
most significant predictors. SHAP analysis provided additional transparency and
interpretability of model outputs, underscoring the suitability of ML and DL techniques
for modern transportation modeling and infrastructure planning in developing

economies.
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