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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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CHAPTER |
INTRODUCTION

1.1 Rationale for research
1.1.1 Excursion

Over the past few decades, Thailand has continuously encountered
structural challenges in its intercity transportation systems, largely stemming from the
pressures of rapid urbanization, sustained economic growth, and dynamic changes in
socio-spatial configurations. These transformations have contributed to a significant
surge in travel demand, especially among major urban corridors such as Bangkok,
Chiang Mai, and the northeastern provinces. Despite this increasing demand, existing
public transport modes—namely, intercity buses and conventional rail—remain
plagued by chronic inefficiencies, service delays, inadequate comfort, and safety
limitations. Compounding these issues is the nation’s growing reliance on private
automobiles, which not only exacerbates traffic congestion but also contributes to
rising carbon emissions and deteriorating urban environmental conditions. Meanwhile,
domestic air travel is increasingly constrained by saturated airport capacities and

bottlenecks in high-demand routes.

To mitigate these systemic problems, the Thai government has launched
a strategic initiative to develop a high-speed rail (HSR) network, with a flagship project
focusing on the Bangkok-Nakhon Ratchasima-Nong Khai corridor. This corridor is a
critical component of the broader regional connectivity vision that aims to link Thailand
with the Lao People's Democratic Republic and the southern region of China. Far
beyond its implications as a transportation megaproject, the HSR system is envisioned
as a transformative instrument for fostering inclusive economic growth, promoting
regional tourism, and addressing the geographic disparities in infrastructure access

across Thailand’s secondary cities and rural provinces.



The introduction of HSR is therefore expected to play a pivotal role in
reshaping the national transportation landscape. It offers not only a faster and more
reliable travel alternative but also the potential to enhance regional economic
competitiveness by improving accessibility, reducing travel time, and stimulating
investment in surrounding areas. Furthermore, by encouraging a modal shift away from
fossil fuel-dependent transport modes, the HSR system could contribute to Thailand’s
commitments under global climate agreements and long-term sustainability goals. In
this context, high-speed rail is not merely a technological advancement but a socio-

economic catalyst with far-reaching implications.

However, while the anticipated introduction of HSR is expected to dramatically
reshape Thailand’s intercity travel landscape—particularly in redistributing modal
market shares away from buses, conventional trains, and short-haul flights—it also
raises complex challenges in behavioral forecasting. Predicting how travelers will
respond to this new transport option involves navigating a highly uncertain landscape
influenced by social, economic, technological, and psychological variables.
Understanding this behavioral shift is essential for effective planning, pricing strategies,

infrastructure investment, and policy development.

Traditional econometric models, though widely adopted in the transportation
literature, are often limited by assumptions of linearity, independence of irrelevant
alternatives, and their inability to process high-dimensional, non-linear, or imbalanced
datasets. These limitations become especially pronounced in the context of
developing countries like Thailand, where transportation behavior is deeply influenced
by regional disparities in income, education, urbanization, and transport service
availability. The heterogeneity of traveler profiles—ranging from daily commuters and
intercity workers to tourists and rural migrants—adds another layer of complexity that

traditional models struggle to address.

Consequently, there is a growing need to adopt more advanced, data-driven
analytical approaches—such as machine learning (ML) and deep learning (DL)
techniques—that can more accurately capture the multifaceted nature of travel mode

decision-making in emerging contexts. These methods are capable of identifying



complex, nonlinear relationships among variables and can process large volumes of
data from various sources, including survey data, smart card usage, GPS trajectories,
and mobile applications. Moreover, ensemble learning models and neural networks
have shown particular promise in improving predictive accuracy for discrete choice

problems, outperforming classical methods such as multinomial logit or probit models.

By integrating ML and DL techniques into travel demand forecasting,
researchers and policymakers can gain deeper insights into the factors that influence
traveler preferences, willingness to switch modes, and sensitivity to price and travel
time. These insights are invaluable for scenario analysis, demand management, and
evaluating the broader socio-economic impacts of high-speed rail investments.
Ultimately, a better understanding of future travel behavior through advanced
analytics not only enhances academic knowledge but also strengthens the evidence

base for infrastructure development and sustainable transport policy in Thailand.

1.1.2 The Importance of Applying Machine Learning to Understand

Passenger Behavior in High-Speed Rail Contexts in Thailand

Thailand has embarked on the development of a high-speed rail (HSR)
system in collaboration with China as part of its national transportation infrastructure
strategy. This initiative aims to transform the country into a regional hub for mobility
and logistics within the ASEAN region (P. Tissayakorn, 2021). The HSR project marks a
major step toward upgrading the national transportation network, especially in a
context where the public transport system is still undergoing transition and
development. However, infrastructure investment alone is not sufficient without a
clear understanding of user behavior—particularly in terms of travel mode choice,
which reflects the population’s readiness and willingness to adopt HSR. International
studies have highlishted the multifaceted benefits of HSR, such as travel time
reduction, economic stimulation, improved regional connectivity, and lower
environmental impacts (S. A. Kashifi, S. Jamal, M. Kashefi, M. Almoshaogeh, & M. A.
Rahman, 2022; Y. Sun, X. Wang, L. Liu, & Y. Wang, 2021). Yet, empirical insights into the
travel intentions and attitudes of future users in Thailand remain limited. Moreover,

traditional methods for analyzing travel behavior, such as Binary Logit and Multinomial



Logit models, often struggle to capture complex, nonlinear interactions between
variables. This limitation creates the need for advanced analytical approaches. Recent
research has demonstrated the superior predictive power of machine learning (ML)
techniques, especially boosting models such as XGBoost, in modeling travel mode
choice (A. Abulibdeh, 2023; F. Wang & C. Ross, 2018). These models, when combined
with interpretability techniques like SHAP, can also provide transparency by identifying
key decision-making factors (Y. Cheng, X. Chen, J. De Vos, X. Lai, & F. Witlox, 2019; J.
Diaz-Ramirez, N. Estrada-Garcia, & M. Figueroa-Sayago, 2023).

Accordingly, the rationale for this study lies in the urgent need to assess
the potential of HSR to reshape travel behavior in Thailand, using robust and
interpretable machine learning models. The insights gained are expected to support
the design of evidence-based transportation policies and strategic planning for

sustainable HSR adoption in the near future.

1.1.3 The Importance of Assessing the Impact of High-Speed Rail on

Passenger Travel Behavior in Thailand

Thailand is currently facing challenges in its intercity transportation
system, which lacks efficiency in several aspects, including long travel times, limited
service frequency, high travel costs, and unequal accessibility. The country’s primary
transport modes—intercity buses, conventional rail, and domestic airlines—are widely
used, yet they still fall short of fully meeting the needs of the traveling public (Office
of, Traffic, & Planning, 2024).

To support population and economic growth and to upgrade national
infrastructure, the Thai government has launched the High-Speed Rail (HSR) project,
particularly the Bangkok-Nakhon Ratchasima-Nong Khai route. This initiative aims to
enhance regional logistics connectivity and reduce dependence on air travel and
private vehicles. The project is expected to significantly shorten travel times, increase
convenience, and stimulate economic decentralization to regional areas (Banyong et
al., 2024). While international studies have widely examined the impacts of HSR on
market share and travel behavior—such as those conducted in Europe, China, and the

Middle East (Ammar Abulibdeh, 2023; N. Avogadro, E. Pels, & R. Redondi, 2023; F. Xu,



Liu, Zheng, Cao, & Yang, 2022)—empirical research analyzing the effects of HSR in
Thailand remains limited. In particular, there is a lack of evidence-based insights into
how travelers may shift their behavior once HSR services are operational.

Most previous studies in Thailand have relied on traditional econometric
models, such as the multinomial logit (MNL) model, which have limitations in capturing
the complex, nonlinear relationships in human travel behavior. In contrast, emerging
techniques such as machine learning—especially the CatBoost algorithm—have shown
great potential in international studies due to their ability to efficiently handle
categorical and imbalanced data (Banyong et al.,, 2024; X. Zhao, Yan, Yu, & Van
Hentenryck, 2020).

Given this context, the present study aims to analyze the impact of HSR on
travel mode choice in Thailand by applying CatBoost in combination with Shapley
Additive Explanations (SHAP). This approach identifies key factors influencing travel
decisions and forecasts the potential shifts in market share among buses, trains,
airplanes, and HSR. The findings are expected to provide valuable policy insights for

enhancing the efficiency and sustainability of Thailand’s transportation system.

1.1.4 Evaluating Intercity Travel Behavior in Response to HSR in Thailand:

Insights from Machine Learning and Econometric Models

Rapid urbanization and the increasing demand for intercity travel in
Thailand have led to congestion and inefficiencies in the existing public transportation
system. One proposed solution to address these challenges is the development of a
high-speed rail (HSR) network, which is expected to reduce travel time, enhance
regional connectivity, and stimulate economic growth (C. Blanquart & M. Koning, 2017;
Liang et al., 2020). Thailand’s HSR project, developed in collaboration with China,
primarily focuses on the Bangkok-Nong Khai corridor and aligns with the Sustainable
Development Goals (SDGs), particularly in areas related to infrastructure development,
sustainable cities, and carbon emission reduction (Office of the National & Social

Development, 2025).

However, analyzing travel mode choice behavior in response to HSR

remains a complex task due to the interplay of multiple factors such as travel cost,



duration, and station accessibility (Y. Deng, Y. Bai, L. Cui, & R. He, 2023; Y. Zhang, K.
Liang, E. Yao, & M. Gu, 2024). While the Multinomial Logit (MNL) model has been widely
adopted in travel behavior studies, its limitations in capturing nonlinear relationships
and flexibility are well recognized (Akter & Alam, 2024; M. E. Ben-Akiva & S. R. Lerman,
1985).

To address these challenges, this study employs machine learning (ML) and
deep learning (DL) techniques alongside traditional econometric models to analyze
travel mode choice in the context of HSR development. The analysis is based on stated
preference (SP) survey data, and SHapley Additive exPlanations (SHAP) are utilized to
improve model interpretability and identify key influencing factors (V. Dahmen, S.

Weikl, & K. Bogenberger, 2024).

1.2  Purpose of Research

The research aims to achieve the following objectives:

1) To examine the effectiveness of machine learning methods and analyze

the factors associated with future high-speed rail adoption in Thailand.

2) To propose policy recommendations that support the adoption of high-

speed rail in the future.

3) To analyze the projected modal shift in transportation choices within

Thailand.

4)° To compare the predictive performance of machine learning techniques
between ensemble learning and deep learning approaches in analyzing

travel mode choice factors in Thailand.

1.3  Scope of Research

The research scope encompasses the following aspects:

1)  Population: The target population includes Thai passengers aged 18

years and older who travel between provinces.



Study Areas: The study covers 16 provinces across four main regions of
Thailand—North, Northeast, Central, and South—focusing on areas with

proposed or planned HSR stations.

Research Focus: The research focuses on analyzing intercity travel mode

choice behavior using stated preference (SP) survey data.

1.4 Research Questions

The research seeks to address the following questions:

1)

To what extent can machine learning methods effectively predict the

factors influencing the future adoption of high-speed rail in Thailand?

What are the key factors that influence the decision to adopt high-speed

rail in Thailand in the future?

How is the proportion of travel mode usage in Thailand expected to

change following the introduction of high-speed rail?

How do ensemble learning and deep learning techniques differ in their

ability to analyze factors influencing travel mode choice in Thailand?

1.5 Contribution of Research

The research is expected to make the following contributions:

1)

The development of effective machine learning models for predicting
factors influencing the future adoption of high-speed rail in Thailand,

which can inform transport policy-making and strategic planning.

Forecasting potential changes in travel mode shares following the
introduction of high-speed rail, which can assist in transportation

infrastructure planning and investment.

A comparative evaluation of the performance of ensemble learning and
deep learning methods in analyzing travel mode choice factors,
providing valuable insights for practitioners to select appropriate

analytical techniques in transportation studies.



1.6  Organization of Research

The research comprises five chapters, structured as follows:

1) Chapter 1: Research Principles and Justification, including Background
Information, Research Objectives, Scope, Research Questions, and

Contributions.

2)  Chapter 2: A Machine Learning Comparison of Transportation Mode

Changes from High-Speed Railway Promotion in Thailand
3)  Chapter 3: Analyzing High-Speed Rail’s Transformative Impact on Public
Transport in Thailand Using Machine Learning

4)  Chapter 4: Machine Learning-Based Analysis of Travel Mode Preferences:
Neural and Boosting Model Comparison Using Stated Preference Data

from Thailand’s Emerging High-Speed Rail Network
5)  Chapter 5: Summary and Analysis of the Three Studies (Chapters 2-4).
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CHAPTER Il
A MACHINE LEARNING COMPARISON OF TRANSPORTATION
MODE CHANGES FROM HIGH-SPEED RAILWAY
PROMOTION IN THAILAND

2.1  Abstract

Thailand's collaboration with China to develop High-Speed Rail (HSR)
represents a crucial step in enhancing transportation infrastructure and promoting
regional economic growth. While most research has focused on existing travel modes
such as cars, buses, and planes, there is a notable lack of analysis on future transport
choices, particularly in developing countries like Thailand. This study addresses this
gap by analyzing the factors influencing High-Speed Railways adoption to inform future
traveler decisions. The comparison of models for predicting High-Speed Railways usage
revealed that CatBoost consistently outperformed the other models, with cross-
validation confirming its superior performance across all key metrics. The Binary Logit
Model (BL) demonstrated moderate effectiveness, achieving an accuracy of 0.7404 +
0.006, sensitivity of 0.7655 + 0.006, and a relatively lower AUC of 0.8161 + 0.0067. Its
specificity (0.7140 + 0.0129), precision (0.7376 + 0.0085), and F1 score (0.7513 + 0.0055)
were moderate, but it struggled with handling imbalanced data. In contrast, XGBoost
delivered significantly stronger results, with an accuracy of 0.8846 + 0.0068, sensitivity
of 0.9210 + 0.0094, and an AUC of 0.9583 + 0.0036. XGBoost also achieved high
specificity (0.8464 + 0.0062), precision (0.8630 + 0.0055), and an F1 score (0.8910 +
0.0067). LightGBM also performed well, achieving an accuracy of 0.8763 + 0.0077 and
a relatively high sensitivity of 0.9358 + 0.0071. However, it exhibited lower specificity
(0.8139 + 0.0107) and precision (0.8408 + 0.0083), resulting in a slightly reduced F1
score of 0.8857 + 0.0069 and an AUC of 0.9506 + 0.0034. CatBoost demonstrated the
highest overall performance, achieving an accuracy of 0.8853 + 0.0061, sensitivity of
0.9245 + 0.0072, specificity of 0.8441 + 0.0068, precision of 0.8616 + 0.0058, an F1
score of 0.8920 + 0.0058, and an AUC of 0.9584 + 0.0034. The decision to use
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High-Speed Railways in Thailand is influenced by several key factors that reflect the
country’s unique transportation context. These factors include travel time, access
time, service frequency, cost, waiting time, household income, automobile ownership,
gender, and the purpose of travel. This information is valuable for shaping policies to

support High-Speed Railways adoption in Thailand.

2.2 Introduction

Thailand and China initially agreed to collaborate on developing railway
infrastructure in Thailand as part of the country’s transportation infrastructure strategy
for 2015-2022. In 2022, the agreement was renewed to continue the development of
high-speed rail projects. Thailand, as an ASEAN transport hub, is developing the
Thailand-China high-speed railway to enhance its railway network and boost regional
economic growth, though the project is still incomplete (K. Tissayakorn, 2021). High-
Speed Railways are not only critical for improving transportation infrastructure but also
directly influence people's travel choices, as they provide an alternative mode of
transport that competes with traditional travel methods, such as buses, airplanes, and
private cars. This competition has the potential to reshape traveler behavior, especially
in developing nations like Thailand, where transportation options are limited.

While most studies have focused on current travel modes such as private cars,
trains, buses, and planes, there is a notable lack of analysis on future transportation
mode choices, especially in developing nations such as Thailand, which plans to
introduce a High-Speed Railways —an unprecedented mode of travel in the country.

High-Speed Railways are the primary infrastructure for transporting passengers
and are used in many countries (Jin, Lin, Shi, Lee, & Li, 2020). Research indicates that
High-Speed Railways considerably benefit a country’s economic development,
particularly in underdeveloped regions (Aalami, Anari, Shafighfard, & Talatahari, 2013).
High-Speed Railways reduce travel time, improve labor market efficiency, and foster
economic connections, while also lowering road accidents and pollution (M. T. Kashifi,
A. Jamal, M. S. Kashefi, M. Almoshaogeh, & S. M. Rahman, 2022; Liang et al., 2020; W.
Sun, C. Wang, C. Liu, & L. Wang, 202 1). These benefits contribute to shifts in traveler
preferences and mode choices, as individuals increasingly favor quicker, safer, and

more environmentally friendly travel alternatives. Effective transportation planning is



13

necessary to achieve these benefits, including evaluating travel options (Chang et al,,
2019). In Thailand, where High-Speed Railways is yet to be implemented,
understanding traveler attitudes is critical for assessing its future impact (Heinen,
Harshfield, Panter, Mackett, & Ogilvie, 2017; Shasha Liu, Yao, Cheng, & Zhang, 2017).
By influencing factors such as travel time, cost, and convenience, High-Speed Railways
could potentially shift a significant portion of the population from existing travel modes
to High-Speed Railways, necessitating government policies to encourage such a
transition once the High-Speed Railways is operational. High-Speed Railways are
expected to compete with or replace airlines, buses, and private cars, requiring
government policies that promote their use after construction.

Several factors influence travel mode choices, such as demographics, travel
attributes (distance, cost, convenience), safety, and land use (Belgiawan, Ilahi, &
Axhausen, 2019; Cui, Li, Zhu, & Ma, 202 3; Gross & Grimm, 2018; M. T. Kashifi et al.,
2022; Xiaowei Li et al., 2024; Xiaowei Li, Tang, Hu, & Wang, 2020; Mirzaei, Kheyroddin,
& Mignot, 2021; Nurhidayat, Widyastuti, Sutikno, & Upahita, 2023; Yang, Chen, & Yang,
2022). Traditional models like binary logit (BL) and multinomial logit (MNL) have been
widely used to study travel behavior (Gunay & Gokasar, 2021; Y. Jiang, Yu, Guan, Gao,
& Feng, 2021; Ning, Lyu, & Wang, 2021; Pasha, Hickman, & Prato, 2020; Sharma et al,,
2021), but recent research shows that machine learning (ML) techniques can handle
complex relationships more effectively (Sarker, 2022). M. T. Kashifi et al. (2022) found
that light gradient boosting decision trees outperformed traditional models, while
Ammar Abulibdeh (2023) demonstrated that XGBoost was more efficient than Binary
Logit (BL) and MNL in predicting metro mode choice. F. Wang and C. L. Ross (2018)
confirmed that XGBoost outperformed MNL, and Xiaowei Li et al. (2024) used XGBoost
to analyze High-Speed Railways choices in China. These studies support the growing
use of machine learning for travel mode analysis, especially with ensemble learning
techniques (Ammar Abulibdeh, 2023; L. Cheng, X. Chen, J. De Vos, X. Lai, & F. Witlox,
2019; Darwish et al., 2024; J. Diaz-Ramirez, J. A. Estrada-Garcia, & J. Figueroa-Sayaso,
2023; Elharoun, El-Badawy, & Shahdah, 2023; M. T. Kashifi et al., 2022; Kim, 2021; Salas,
De la Fuente, Astroza, & Carrasco, 2022; F. Wang & C. L. Ross, 2018; X. Zhao et al,,

2020). Travel mode choice is influenced by subjective factors (e.g., age, income, car
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ownership) (Armah, Yawson, & Pappoe, 2010; Cascetta, Carteni, Henke, & Pagliara, 2020;
Givoni, 2006; D. Wu & Martin, 2022; X. Yu et al,, 2018), area determinants (e.g.,
population density), and passenger perceptions (e.g., policies, and fees) (Calvo, Eboli,
Forciniti, & Mazzulla, 2019; Juan de Dios Ortlzar & Willumsen, 2011; J. Li, Lo, & Guo,
2018; Pitombo, Salgueiro, da Costa, & Isler, 2015; Puan et al.,, 2019; Wojcik, 2019).
Spatial factors like land use and travel costs also affect choices, with studies showing
different preferences in the USA and Germany due to varying transit policies
(Rattanakijsuntorn, Suwannarat, Samittivate, & Nithikittiwat, 2024; Sresakoolchai &
Kaewunruen, 2020; Weerawat, Samitiwantikul, & Torpanya, 2020). In Thailand, public-
private partnerships (PPP) play a critical role in High-Speed Railways development.
Sresakoolchai and Kaewunruen (2020) highlighted how PPPs improve accessibility and
cost control, promoting High-Speed Railways adoption. However, operational issues in
Bangkok’s Airport Rail Link have hindered public transport use, though improvements
could address these problems (Weerawat et al., 2020). Rattanakijsuntorn et al. (2024)
emphasized air-rail connectivity's importance for High-Speed Railways promotion.
Machine learning is increasingly used in travel mode modeling for its accuracy in
handling large datasets (Abduljabbar, Dia, Liyanage, & Bagloee, 2019; Bhavsar, Safro,
Bouaynaya, Polikar, & Dera, 2017; Khan, Adnan, & Igbal, 2022). Studies by F. Wang and
C. L. Ross (2018), L. Cheng et al. (2019), and X. Zhao et al. (2020) found that ML models
like XGBoost, random forest, and neural networks outperform traditional models.
Ammar Abulibdeh (2023) and Kim (2021) also validated XGBoost and neural networks
for predicting travel modes, which are detailed in Table 2.1 and Figure 2.1.

While traditional machine learning models are robust and widely used, they
often struggle with complex, nonlinear relationships and large datasets. In contrast,
advanced ensemble methods like XGBoost, LightGBM, and CatBoost offer superior
performance by handling high-dimensional data, improving interpretability, and
reducing overfitting. This research compares the efficiency of these boosting methods
in analyzing future travel mode choices in developing countries, offering insights for
policy recommendations in Thailand to support High-Speed Rail adoption and assess

unintroduced travel modes.
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Table 2.1 Summary of selected literature on the use of machine learning for predicting

travel mode choices

Statistical
Authors Regions Input Data Key findings Accuracy
approaches
F. Wang United XGBoost, MNL Travel time, XGBoost 93.12%
and C. L. | States of socio- outperformed MNL,
Ross America demographic. with travel time
(2018) being the most
significant factor.
Ammar Qatar XGBoost, MNL, Travel XGBoost was most 91.2%
Abulibdeh Binomial Logit behavior, effective, with trip
(2023) metro parameters and
introduction. socioeconomic
factors crucial.
Jenny Mexico RF, XGBoost, Transport XGBoost showed 92.5%
Diaz- GB, NB, DT, LR, preferences, excellent
Ramirez SVM student travel | performance for
et al. (polynomial), data. mode choice
(2023) SVM (RBF) estimation.
L. Cheng China RF, AdaBoost, Travel Random Forest 91%
et al. and SVM instances (age, | outperformed
(2019) land use, traffic | others with higher
data) accuracy and lower
computational
cost.
Elharoun | Egypt DNN, KNN, Household DNN achieved 97.81%
et al. AdaBoost, SVM, | size, income, 97.81% accuracy,
(2023) NB, RF, GB, travel time, outperforming RF
XGB, LDA, DT, distance and XGBoost with
QDA larger sample sizes.
Darwish Egypt MNL, SVM, MLP, | Mode choice GBDT achieved the | 93.6%
et al. KNN, AdaBoost, | responses, highest prediction
(2024) DT, RF, GBDT, Alexandria city. | accuracy, exceeding
and XGB MNL.
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Table 2.1 Summary of selected literature on the use of machine learning for

predicting travel mode choices (Continued)

Statistical
Authors Regions Input Data Key findings Accuracy
approaches
X. Zhao United CART, NB, Bag, Socio- Logit and ML 89.5%
et al. States of Boost, RF, SVM, | economic data, | models differed in
(2020) America and NN travel outcomes, requiring
characteristics. | balance between
accuracy and
validity.
Kim South ANN, XGBoost, Age, activity XGBoost and ANN 94.3%
(2021) Korea RF duration, land performed best,
use with age, trip time,
and land use being
key factors.
Salas et - MNL, MMNL, Travel XGBoost, RF, NN 95.2%
al. (2022) ANN, SVM, RF, responses, outperformed logit
and XGBoost socio-economic | models.
data
M. T. Netherland | LR, RF, DT, MLP, | Trip density, LightGBDT 94.5%
Kashifi et and LightGBDT | income, outperform others;
al. (2022) car/bike key factors were
ownership, age | trip density,
income, ownership,
and age.
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Figure 2.1 VOS viewer Network Visualization of Keywords Related
2.3  Materials and Methods

2.3.1 Stated Preference Surveys

The survey process examines the factors influencing the decision to use
High-Speed Railways across four regions of Thailand: Northern, Northeastern, Southern,
and Central. Each region will select an area from the province where an High-Speed
Railways station is planned for construction (Department of International Trade
Promotion, 2023) based on the Gross Regional and Provincial Product Chain Volume
Measures for 2022 (Office of the national economic and social development council,
2023), focusing on the highest value in each of the region’s top four priorities, as shown
in Figure 2.2.The survey design aims to understand the factors that influenced to
decision on high-speed rail (HSR) service in each region of Thailand by choosing the
important economic provinces and collecting data from many critical provinces in
Thailand because the economic characteristics and infrastructure of each region are
different. Especially in Thailand, each province has clearly different infrastructure even
the province that is located in the same region, it is distinctly difference (Srithongrung
& Kriz, 2019) which directly affects the travel behavior. The survey in many provinces
helps the researcher access to extensive data and reflect the various of travel

behaviors at the country level (Habib, Poole, & McCarthy, 2022).
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Face-to-face interviews will be performed with individuals aged 18 and older
at transportation stations, shopping malls, and public parks across 16 provinces in
Thailand. consists of northern zone: Nakhon Sawan, Phitsanulok, Lamphun, and Chiang
Mai, Northeastern zone: Nakhon Ratchasima, Khon Kaen, Udon Thani, and Nong Khai,
Central zone: Bangkok, Chonburi, Rayong, and Ayutthaya, and Southern zone: Prachuap
Khiri Khan, Chumphon, Surat Thani, and Songkhla. The weather of these 4 zones is
tropical making Thailand is inappropriate to travel as an active journey (Al-Atroush,
Mustaffa, & Sebeay, 2022) and travelers always use transportation systems with air
conditioners which affects travel mode choice of intercity travel result to main vehicles
like private cars, buses, planes, air conditioner trains, or high-speed rails (Xiaowei Li,
Ma, Wang, & Wang, 202 1; Otim, Dorfer, Ahmed, & Munoz Diaz, 2022). A total of 200
samples per province will be collected, using Convenience Sampling to ensure a
diverse and efficient selection of participants. This approach guarantees balanced
representation across all regions, mitigating bias and enhancing the representativeness
of the findings at the national level, totaling 3,200 samples, is sufficient for machine
learning analysis, as the sample size should be at least 50 to 1000 times the number
of prediction classes. This guideline helps ensure that the model has enough data to
perform effectively. Since there are 2 prediction classes in this research (Pavlou et al.,

2024).
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4

Figure 2.2 Provinces Surveyed for Data Collection in Thailand

The survey questionnaire is divided into two sections. The first section focuses
on social and economic data, including eender, marital status, household size,
presence of children in the family, household income, vehicle ownership, purpose of
intercity travel, and travel frequency between cities. The second section comprises a
stated preference (SP) questionnaire, where the stated choice (SC) experiment allows
for the description of alternatives through various attribute combinations at different
levels. This method helps estimate the marginal utility of each attribute for the High-
Speed Railways option, enabling the assessment of in-mode choices, access times,
waiting times, travel times, travel costs, and travel frequency related to the proposed
mode of transportation (Arencibia, Feo-Valero, Garcia-Menéndez, & Roman, 2015;
Kujala, Weckstrom, Mladenovi¢, & Saramaki, 2018). The stated choice (SC) experiment
required travelers to choose between alternative High-Speed Railways options and

their current public transportation mode. Collecting data on travel mode
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preferences—taking into account factors such as access time, waiting time, travel time,
travel cost, and frequency—is crucial for understanding passenger behavior and
preferences. This study will reflect real-world scenarios, demonstrating that passengers
who wish to reduce their travel time in the public transportation system may need to
incur higher costs (Arencibia et al., 2015). These data can drive the development and
enhancement of transport services by improving service frequency, optimizing routes
to reduce travel time, and setting appropriate fare structures. Additionally, they assist
facilitators in assessing competitiveness with other travel modes and making informed
business decisions. While the stated preference (SP) questionnaire may have lower
reliability owing to potential discrepancies between respondents’ stated preferences
and their actual behavior in real situations, it remains a widely used method for
collecting relevant data on travel modes (Becker & Carmi, 2019; Birolini, Malighetti,
Redondi, & Deforza, 2019; Y. Guo, Li, Anastasopoulos, Peeta, & Lu, 2021; Nam & Cho,
2020; Tarrino-Ortiz, Gbmez, Soria-Lara, & Vassallo, 2022).

2.3.1.1 Statistical Design of the Choice Experiment

The attributes and their levels used in the stated choice (SC)
experiment are detailed in Table 2.2. These attributes encompass various factors that
influence travel mode decisions, such as access time, waiting time, travel time, travel
cost, and frequency. Different levels are assigned to each attribute to represent a range
of scenarios and respondent preferences. This structured approach enables a thorough
analysis of how different factors affect travel decisions and the trade-offs individuals
are willing to make.

In this experiment, hypothetical scenarios were based on a 700-
kilometer journey from Bangkok to Chiang Mai, a route earmarked for future high-speed
rail development, with attribute levels applied to this travel context in Thailand (State
Railway of Thailand, 2019). As the High-Speed Railways infrastructure had not yet been
constructed at the time of the study, there was no empirical data available regarding
actual travel times, pricing, waiting times, service schedules (frequency of service), or
operational details. Consequently, data for pricing, travel times, waiting times, and
service frequency were referenced from governmental sources that provided estimates

to the public through news outlets and websites in Thailand, which may still be subject
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to change (Economic Base, 2017; POST TO DAY, 2017). However, within the
hypothetical scenarios, these estimates were adjusted to reflect a range of possible
outcomes that are reasonably consistent and close to the projected figures. Waiting
time was considered based on recommendations from ticket booking sources that
advise passengers to arrive in advance. For other travel modes, the hypothetical
scenario referenced pricing, travel times, waiting times, and service frequency from
real-world sources: for buses, data was taken from national ticket booking
centers(BusOnlineTicket.co.th, 2024); for trains, the estimates were primarily based on
data from the State Railway of Thailand’s booking system(State Railway of Thailand
2024); and for airplanes, pricing, schedules, and frequencies were referenced from
airline ticketing websites(AirAsia move, 2024). The different pricing, time ranges, waiting
times, and frequencies in these hypothetical scenarios were designed to reflect realistic
variations across service providers. Access times were set within reasonable limits to
ensure fairness between buses, trains, and high-speed rail, while access to airports was
higher due to the more challenging reach compared to other transport stations in
Thailand. The figures used in the simulation were within the realistic range that
passengers would typically encounter. This route, with a distance suitable for
competition between High-Speed Railways nd other modes of transport, provided an
ideal context for analyzing the potential impacts of introducing High-Speed Railways.
In our study, we evaluated five attributes across two groups: traditional modes
(bus, train, and airplane) with one level each and High-Speed Railways with two levels.
A full factorial desien would yield 96 choice sets 3 x 1° x 2°, which would be
overwhelming for respondents. Instead, we used an orthogonal fractional factorial
design, creating 96 profiles divided into eight sets of 12 choice sets each. As a result,
each respondent only evaluated 12 of the 96 profiles during the survey (Hensher, Rose,
& Greene, 2005). To ensure an efficient choice design, our approach incorporated key
properties such as orthogonality, level balance, minimal overlap, and utility balance.
Orthogonality was achieved by arranging attribute levels in the design correlation
matrix so that any two columns were uncorrelated, thereby minimizing collinearity.
Level balance was maintained by ensuring that each attribute level appeared an equal

number of times across the profile sets. Utility balance was addressed by minimizing
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the differences in utility between alternatives, achieved by rotating the dominant

alternatives in each choice set.

Table 2.2 Typical cards from stated choice (SC) sets

Mode Choice 1 Mode Choice 2
Attribute/Levels

Bus Train Airplane High-speed rail
access time (min) 10 10 30 10, 15
waiting time (min) 15 10 120 15, 10
travel time (min) 720 720 135 190, 220
travel cost (baht) 750 300 3000 1050, 1400
Frequency times (min) 30 150 120 190, 220

2.3.2 Methodology

The research methodology, outlined in the flowchart in Figure 2.3,
begins with the data collection phase, where both Revealed Preference (RP) and Stated
Preference (SP) data are gathered. This information captures current transportation
behaviors and potential future choices in the context of adopting high-speed rail.
Additionally, the survey process examines the factors influencing the decision to use
High-Speed Railways across four regions of Thailand, selecting provinces where High-
Speed Railways stations are planned based on their economic significance, to ensure
a diverse and representative sample. Three key factors are considered in the data
collection process: socio-economic aspects, travel behavior, and various decision-
making scenarios that could influence an individual’s choice of transportation mode.
Once the data is collected, it is passed through a splitter, which divides it into two
main categories: those who would adopt the future transportation mode (high-speed
rail) and those who would continue using current transportation modes. This
separation of data helps to analyze and train models effectively based on the distinct
behavior patterns of these two groups. The next step involves getting the data ready
for model training. The dependent variable, which represents the selected mode of
transportation, is allocated to y_train, while the independent variables, which comprise
socioeconomic and travel behavior data, are assigned to X_train. Python was used for

the analysis through Anaconda. As for the analysis time, after data correction and final
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adjustments, the analysis took approximately 4-5 hours per model. The computer
specifications used for the analysis are as follows: Processor: 13th Gen Intel(R) Core
(TM) i9-13900H 2.60 GHz, RAM 32.0 GB, where a variety of categorization models,
including more sophisticated machine learning methods like XGBoost, LightGBM, and
CatBoost, as well as more conventional models like the Binary Logit Model, are taught
to anticipate transit choices. Because these models can manage intricate relationships
in the data, they are used to improve prediction accuracy. The models are
hyperparameter tuned to maximize performance after training. This process involves
adjusting the internal parameters of the models to ensure the best possible outcomes.
The optimized models are then tested using a separate dataset, X test and y_test, to
evaluate their accuracy and generalization capabilities. Finally, the performance of
each model is compared using various evaluation metrics are Accuracy, Precision,
Recall, F1-score, and AUC. These metrics help determine which model performs the
best. The final step includes identifying the key factors influencing transportation
decisions using SHAP analysis, which allows for an interpretability of model predictions,
highlighting the most important variables that drive decisions regarding future

transportation modes like high-speed rail.
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Figure 2.3 Research process flowchart

2.3.3 Binary Logit Model in Mode Choice (BL)

The Binary Logit Model (BL) is applied in mode choice studies as a
discrete choice model because it can predict the probability of specific events
occurring based on independent variables. The probability of choosing mode (i) for
travel is determined by the likelihood that the utility of mode (i) is equal to or greater
than the utility of an alternative mode (j). As a result, travelers select the mode of

transportation that offers the highest utility.
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The probability calculation for developing a binary logit model (BL) is as

follows:

o exp(B X, ) ) 1 ) 1 (2-
" exp(B Xm) + exp(B in) 1+ exp(B X, - B X)) 1+ exp(AU)

1)
Where,

P, indicates the likelihood that traveler n will select the first option.
B X, denotes the utility function associated with traveler n selecting the first mode.
B X, denotes the utility function associated with traveler n selecting the second
mode.

Au :B X —B X = Z(ai_bi)zi’

where Z; is the " variable, g; is the coefficient of the i variable in B X ,andb, is

in’

the coefficient of the i variable in B X,
2.3.4. Machine Learning

Machine learning (ML) has significantly advanced transportation mode
choice modeling by enhancing predictive accuracy and providing deeper insights into
traveler behavior, which are crucial for urban planning and policy-making. Models such
as random forests and XGBoost have consistently outperformed traditional approaches
like the multinomial logit (MNL) model, as demonstrated in studies from Bengaluru
and Chengdu, where ML models achieved superior accuracy (Ghosh & Nagaraj, 2024,
Tang, Tang, Fu, & Ma, 2024). Similarly, in other fields such as material production,
research has confirmed that ML surpasses traditional analytical methods (Bagherzadeh,
Shafighfard, Khan, Szczuko, & Mieloszyk, 2023; Kazemi, Asgarkhani, Shafighfard,
Jankowski, & Yoo, 2024; Shafighfard, Kazemi, Asgarkhani, & Yoo, 2024). Furthermore,
techniques like SHAP have improved the interpretability of ML models, allowing for
the identification of key factors such as travel costs and demographic characteristics
that influence decisions (Dahmen, Weikl, & Bogenberger, 2023; Tang et al., 2024).

Feature importance analysis facilitates more informed policy decisions, and ML models
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have demonstrated greater sensitivity to policy changes, as evidenced by studies in

Alexandria City (Darwish et al., 2024).
2.3.4.1 Ensemble Models

Ensemble modeling has garnered a lot of interest in machine
learning applications due to its broad range of dependent variable prediction
capabilities. Typically, tree-based techniques like random forests, additional trees,
gradient boosting, or adaptive boosting are used to build ensemble models. On the
other hand, new research has demonstrated the potency of innovative ensembles that
blend different machine learning techniques to enhance prediction accuracy. These
ensembles are sometimes referred to as multi-step-ahead modeling or inclusive
multiple models (Basakin, Ekmekcioglu, Crtakoglu, & Ozger, 2022; Zouzou & Citakoslu,
2023). Notably, boosting is used in prominent ensemble techniques like XGBoost,
LightGBM, and CatBoost to improve prediction accuracy and classification problems.
XGBoost is more effective at preventing overfitting than LightGBM, which combines
gradient-based one-side sampling and leaf-wise tree growth that is targeted for speed
and efficiency on big datasets. This is because XGBoost uses regularization and second-
order derivatives. Random Permutation is an effective technique that CatBoost excels
at using to handle categorical data with little bias and no overfitting. These models are
routinely used to analyze difficult data with extraordinary accuracy, highlighting the
increasing significance of sophisticated ensemble techniques in machine learning.

Three popular gradient boosting libraries, XGBoost, LightGBM, and
CatBoost (So, 2024), are highly effective for predicting transportation mode choices by
analyzing factors like travel cost, time, and socio-demographic attributes. XGBoost
handles complex relationships in" large datasets, LightGBM excels in speed and
scalability, and CatBoost is ideal for categorical data and preventing overfitting, making
all three well-suited for transportation mode analysis with minimal preprocessing and
high accuracy. These models XGBoost, LightGBM, and CatBoost are well-suited for
analyzing transportation mode choices due to their ability to capture complex,
nonlinear interactions between variables such as travel time, cost, convenience, and
demographic factors like income and car ownership (Xiaowei Li et al., 2024; J. Yu,

Chang, Hu, Yin, & Wu, 2024; L. Zhu, Shu, & Zou, 2022; X. Zhu, Shen, Chen, & Zhang,
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2024). XGBoost and LightGBM efficiently manage large datasets, while CatBoost makes
it ideal for analyzing traveler preferences. Their ability to manage complex data
relationships helps identify key factors influencing travel decisions, offering valuable

insights for transportation planning.
2.3.4.2 Extreme Gradient Boosting (XGBoost)

Extreme Gradient Boosting (XGBoost) is a machine learning
technique that enhances the efficiency of constructing scalable decision trees and is
widely used across various fields (T. Chen & Guestrin, 2016). XGBoost was developed
from the Gradient Boosting Decision Tree (GBDT) algorithm, which consists of multiple
decision trees and consistently uses classification and regression trees (Y. Xu, Zhao,
Chen, & Yang, 2019). However, XGBoost differs from GBDT in two key ways. First,
XGBoost uses the second-order Taylor expansion for the loss function, whereas GBDT
only uses the first-order Taylor expansion. Second, XGBoost incorporates regularization
in the objective function to prevent overfitting and reduce model complexity
(Krizhevsky, Sutskever, & Hinton, 2012). XGBoost has been widely used for many years
owing to its efficiency and high accuracy, which stem from its interpretability, flexibility,
and scalability. For example, it can efficiently handle large datasets in parallel and
iteratively improve the model, often outperforming other algorithms. Additionally,
XGBoost assesses feature importance to aid in understanding the prediction process,
supports custom loss functions and evaluation metrics, and allows users to adjust
model parameters to meet various requirements, offering greater flexibility (Xiaowei
Li et al., 2024).In the context of modeling by XGBoost, we start with an explanation of
the learning objective that was adjusted to be regularity. In terms of mathematics, the

specified D data set with k sample and m characteristic is shown as
D:{(Xi,\ﬂ)} ([D]=k,><I€Rm,Yi €R). A GB model, such as XGBoost, uses an

additional regularization function N to predict results (T. Chen & Guestrin, 2016).

N
\A(x = (I)(Xi) = an (XI), f €F, (2-2)
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The value of F = {f(x) = (Dq(x)}(q R" —>T,MER") refers to the regression

tree area (specifically, CART). N is the number of trees, F encompasses all tree regions,
q is the tree structure, T is the number of leaves, f, is a tree with structure g, and the
leaf weights are independent. The function q(x) aligns with the input data to learn
function groups used in the model, enabling the objectives to be regularized as

follows:
A(0) = ZL(?-, Yi) + Q)

where Q(f ) =y T+ ~A|off
2

(2-3)

The term | represents different convex loss functions used to measure the

prediction of \A(" against the target of ?i. The second term, Q, penalizes model
complexity and includes the regression tree functions 7Y and A, which are
regularization parameters. This regularization term smooths the final learned weights,
helping to prevent overfitting. In summary, the objective of regularization is to select
a simpler model that still provides efficient predictions. However, adding a group of
efficient tree models cannot enhance area efficiency using the traditional Euclidean

method because the model will be trained by adding this loss function.

A0 i[(y,\?im + ft(Xi)) + S(ft) (2-4)

This equation will gradually add a function f, which helps to improve the model as

much as the equation.
2.3.4.3 Light Gradient Boosting Machine (LightGBM)

LightGBM is a machine learning algorithm developed by Ke et al.
(2017) to improve the efficiency and accuracy of models based on Gradient Boosting
Decision Trees (GBDT). LightGBM introduces several key innovations, including gradient-
based one-side sampling (GOSS), leaf-wise tree growth, histogram-based approaches,
and exclusive feature bundling (EFB). These developments allow LightGBM to work
with GBDT models up to twenty times faster than traditional frameworks, without

sacrificing prediction accuracy (Ke et al., 2017). LightGBM significantly enhances GBDT,
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making it an excellent choice for solving complex classification problems. One of its
primary advantages is that GBDT models are known for their superior predictive power
compared to general models (Ding, Cao, & Naess, 2018). Additionally, GBDT-based
algorithms, like LightGBM, are not constrained by the distribution of independent and
dependent variables and can effectively manage multicollinearity, outliers, and missing
values. LightGBM also does not require specifying the relationship between
independent and dependent variables in advance, allowing it to better capture
nonlinear relationships.

Moreover, LightGBM automatically determines the contribution of independent
variables to the prediction by considering the interactions among them (Elith,
Leathwick, & Hastie, 2008). This is a distinct advantage over traditional statistical
models, which rely on standard coefficients and marginal effects. By accounting for
auxiliary effects between independent variables, LishtGBM can more precisely depict
the effect size of those variables, making it particularly effective for handling complex,
high-dimensional datasets.

The main procedure of LightGBM begins with calculating the gradient for data
example i and tree t. The loss value L is then calculated using the gradient value ¢

(Ke et al., 2017) given by

 OLly,y)
Oy.

g, (2-5)

y, is the actual value, and >7| is the predicted value from the tree. LightGBM
uses gradient-based one-side sampling (GOSS) to select only the examples with the
highest gradients while subsampling those with lower gradients to reduce the data
used for model training. Next, exclusive feature bundling (EFB) is applied to group
mutually exclusive features together, reducing the number of features and speeding
up tree construction. During tree building, LishtGBM constructs the tree by distributing
the best data based on the calculated gradients, adjusting parameters to enhance
efficiency. Finally, the predicted values are obtained by aggregating the results from

all trees as follows:

.
y, = Zﬁ(xi) (2-6)
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T represents all the trees, and f (Xi )is the function from tree t. The LightGBM
framework is designed to efficiently evaluate these functions and handle large datasets
effectively. Additionally, parameter tuning and technique adjustments are used to

prevent overfitting and enhance prediction accuracy.
2.3.4.4 Categorical Boosting (CatBoost)

CatBoost is a machine learning method based on the Gradient
Boosting Decision Tree (GBDT) framework, developed by Yandex engineers in 2017
(Dorogush, Ershov, & Gulin, 2018; Prokhorenkova, Gusev, Vorobev, Dorogush, & Gulin,
2018). It refines the GBDT approach to efficiently use all available data during training
by enhancing the level method. Initially, the training process assigns equal weights to
all samples. After this initial phase, the weights are adjusted to give more emphasis to
samples that deviate from the predictions. The next basic training sample will be
repeated in each round, with weights adjusted based on the errors of previous
predictions until all training samples are processed. Finally, the overall prediction is
derived from aggregating the predictions of all training samples, with weights adjusted
accordingly to achieve the optimal result (Zhai et al., 2023). This approach helps
mitigate overfitting issues during training (Pham et al., 2020).

CatBoost enhances the efficiency of gradient evaluation through a
priority-based procedure. It begins by sampling permutations G of [1, n] to sort the
training samples and then initiates n different models, M1, M2,..., Mn. Each model Mi
is trained using the i-th sample from the permutation. In each iteration, the gradient
estimation bias of the traditional GBDT is addressed, with the sample j being processed
by the Mj-1 model (G. Huang et al,, 2019). This method can decrease traditional
gradient-boosting decision tree gradient estimation bias and help the model gain higher
generalization. However, despite these strengths, CatBoost can still face challenges
when dealing with highly imbalanced data. While it adjusts class weights to manage
imbalance, extreme cases where one class significantly outweighs the other may result
in difficulty accurately predicting the minority class, increasing error rates for those
samples. Moreover, incorrect tuning of parameters such as learning rate, depth, and

iterations can lead to overfitting or underfitting, particularly impacting the minority
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class. Additionally, if not properly adjusted for imbalanced data, CatBoost may
introduce biases into the predictions, resulting in poor accuracy for underrepresented
classes (Prokhorenkova et al., 2018).

The CatBoost algorithm comprises several key steps. It starts with classification
adjustment using the target-based statistics technique, which calculates statistics
based on the prediction target, such as the average target for each classification during
the building process. CatBoost uses boosting learning to construct multiple trees, with
each tree aimed at correcting the errors of the previous one. The gradient value is
calculated from the loss function L to refine the predicted value y, and enhance the
accuracy of subsequent predictions (Prokhorenkova et al., 2018). The following formula

is used:
(1) (t1)
Yo=Y, 4N @7
1 is the learning rank.

2.3.5 Shapley Additive Explanations (SHAP)

SHAP is a tool designed to explain the predictions of machine learning
models, particularly complex ones such as gradient boosting machines (GBM). While
these models may perform well during training, their internal functioning can be
difficult to interpret, and their effectiveness in real-world situations may not always be
clear. SHAP helps to elucidate how these models make predictions, providing insights
into their decision-making processes (Hong, Naghibi, Pourghasemi, & Pradhan, 2016).
This problem considerably affects the risk and reliability of the model (Lapuschkin et
al.,, 2019). Enhancing the ability to explain the "black box" problem in models is a
crucial approach to improving the performance and reliability of machine learning
algorithms (Mangalathu, Hwang, & Jeon, 2020; Mao et al., 2021). SHAP provides a clear
analysis of each feature’s impact on the predicted result by estimating feature
importance and integrating it with the SHAP values of other features used in the model.
This makes SHAP a key tool for interpreting GBM models. The results of the SHAP value
analysis are typically presented in a ranked diagram, where the horizontal position of

each variable indicates its importance and effect on the prediction. The interpret
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ranking will use the color to show the relation size for the observation: + (red) or -
(blue) (Adland, Jia, Lode, & Skontorp, 2021; Vega & Aznarte José, 2020).
SHAP value can be calculated using the following formula:

S{iin — (S| — 1! -
(I)k(val)= Z &(val(SU{i})—vaL(S)) 2-8)

ST} n!

where val is the feature relevance to the algorithm target and (I)K(val) is the

weighted summing of the feature contributions to the model target result overall

feature combinations. ISl —[s|—1!

n!

|s|,The number of features on the data framework is n, and the subset of the model

is the weight of |s|, val(s) is the expected value of

features is s. The letter i stands for the vector of feature values for the sections that
require interpretation (Adland et al., 2021; Cascetta et al., 2020; Lundberg et al., 2020;
Lundberg & Lee, 2017; Shafighfard, Kazemi, Bagherzadeh, Mieloszyk, & Yoo, 2024)

A linear summation of the standard features and the SHAP of all features were

the goals of the method. It was shown as:

g(X):l(X8)=¢o+Zn:¢tX;

where (I)0 is the standard value for the undefined features and n is the number

(2-9)

of features in the data framework, for feature t, the value d)t represents the SHAP value,

whereas Xg is the vector of reduced input variables (Shafighfard, Kazemi, Bagherzadeh,

et al., 2024).
2.4 Results

2.4.1 Descriptive Analysis

Traveler data  collection in Thailand involved a self-administered
questionnaire with 3,200 samples. After data collection, a comprehensive data integrity
assessment was conducted to ensure the completeness and reliability of the dataset.
This assessment included verifying that respondents answered all required questions
and calculating basic statistical measures such as the mean, skewness, and kurtosis to
identify any potential anomalies in the data distribution. Additionally, under sampling
techniques were applied to address data imbalance by reducing the size of the

majority class, ensuring a more balanced dataset that would not disproportionately
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affect subsequent analysis and model performance. The results are presented in Table

2.3.

Table 2.3 General social, economic, and travel data

Categorical
Variable Description Mean SD KU SK
variable (%)

Male =1 525
GENDER Female = 0 47.5 0.525 | 0.499 | -1.989 | -0.100
Total 100
Household
members 8.6
1 person =1
2 people = 2 18.0
HOUSEHOLD SIZE | 3 people =3 28.8
4 people = 4 33.4

3.210 1.12 -0.675 | -0.301

More than four

11.4
people =5
Total 100
Have children in
household
62.0
(younger than 18
years old) = 1
Do not have
CHILDREN ) i
children in
household 38.0 0.619 | 0.485 -1.756 | -0.493
(younger than 18
years old) = 0
Total 100
Less than 15,000
2.7
=1
HOUSEHOLD _ 15,000-30,000 =
35.1
INCOME 2
30,001-45,000 = 2944 | 0.896 | -1.306 |-0.113
27.3

3
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Categorical
Variable Description Mean SD KU SK
variable (%)
More than 45,000
34.9
=4
Total 100
Have = 1 75.2
CARS Do not have = 0 24.8
0.752 | 0.431 | -0.634 | -1.168
Total 100
Travel purpose
for study/work 38.6
OBJ1 Yes =1
No =0 61.4 0.386 0.486 -1.782 0.466
Total 100
Travel purpose
for
48.8
leisure/vacation
OBJ2
Yes =1
No =0 51.2 0.488 | 0.499 -1.99 0.046
Total 100
Travel purpose
for shopping 10.3
OBJ3 Yes =1
No=0 89.7 0.102 | 0.303 4.864 | 2.619
Total 100
Travel frequency
between
provinces per 32.0
TRAVEL_FREQUEN | year
Y 1-3 times =1
3-6 times = 2 30.9
6-9 ti =3 14.4
mes 2170 | 1.092 | -1.056 | 0.502
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Table 2.3 General social, economic, and travel data (Continued)

Categorical
Variable Description Mean SD KU SK
variable (%)
More than nine
22.7
times = 4
Total 100
Choose new
mode (High-
51.2
Speed Railways)
=1
MODE_CHOICE Do not choose 0.512 | 0.499 | -1.997 | -0.048
new mode (bus,
48.8
train, and
airplane) = 0
Total 100

Note: SD = standard deviation, KU= kurtosis, and SK= skewness.

The table shows that the research population comprised 52.5% males and
47.5% females. Most households had four members (33.4%) or three members
(28.8%), and 62% of respondents had children. The majority reported incomes
between 15,000 and 30,000 baht (35.1%) or above 45,000 baht (34.9%). Approximately
75.2% owned a private car. The primary travel purposes were for study or work (38.6%)
and leisure or vacation (48.8%), with only 10.3% traveling for shopping. In terms of
travel frequency between provinces per year, most respondents traveled 1-3 times
(32%) or 3-6 times (30.9%). Most preferred traveling by High-Speed Railways (51.2%)
over the current transportation system (48.8%). Additionally, the descriptive statistical
data indicated a normal distribution, as the skewness (SK) values were within the
acceptable range of -3.0 to +3.0, and kurtosis (KU) values were lower than 10.0

(Champahom et al., 2023).
2.4.2 Model Fitting and Performance

This study used four models to verify and predict factors influencing

future travel mode choices for High-Speed Railways, analyzed through Python
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programming. To enhance model evaluation, a 10-fold Cross-Validation technique was

applied to assess model performance consistently.

Focusing on improving model efficiency for classifying unseen data and
addressing overfitting issues. The verification process used data from the stated
preference (SP) questionnaire to compare the performance of the Binary Logit Model
(BL), XGBoost, LightGBM, and CatBoost. Grid search optimization was applied to critical
hyperparameters for XGBoost, LigshtGBM, and CatBoost to decrease overfitting and
ensure robust model predictions, as shown in Table 2.4. Model performance was
assessed by comparing the log loss values between the training and test datasets, as

detailed in Table 2.5 and Table 2.6.

This study, XGBoost, LightGBM, and CatBoost algorithms were utilized to model
transportation mode choice, with each model's performance optimized through a grid
search algorithm to determine the optimal set of hyperparameters. For XGBoost, key
hyperparameters calibrated included the learning rate (eta), maximum tree depth
(max_depth), and regularization terms (alpha and lambda), with logloss as the
evaluation metric. Similarly, for LightGBM, parameters such as the learning rate,
maximum tree depth, and number of leaves were fine-tuned, using binary_logloss as
the evaluation metric. CatBoost, chosen for its effective handling of imbalanced
datasets, was optimized by adjusting the learning rate, tree depth, and number of
iterations. CatBoost addresses data imbalance effectively through its inbuilt
mechanism, specifically utilizing Gradient Boosting with Ordered Boosting. This
technique helps reduce overfitting by constructing decision trees that are more flexible
and robust, even when one class significantly outweighs others (Fernandez et al., 2018;
Y. Zhang & Haghani, 2015). These adjustments aimed to enhance both the predictive
accuracy and robustness of the models, with final hyperparameter values summarized

in Table 2.4.

The application of 10-fold Cross-Validation ensured that each model’s
performance was rigorously tested across different data partitions. This methodology
not only improved the reliability of the results but also provided insight into the

variance of the model performance metrics across different folds. As shown in Table
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2.7, the cross-validated performance metrics, including Accuracy, Sensitivity, Specificity,

Precision, F1 score, and AUC, highlight how each model performed under consistent

conditions.

Table 2.4 Hyperparameter values determined using grid search algorithms for XGBoost,

LightGBM, and CatBoost

Model Parameter Description Value

XGBoost eta Learning rate: [0,1] 0.2

max_depth  Maximum depth of a tree: [0,20] 7

gamma Min_split_loss: [0,10] 0

alpha L1 regularization term on weights: [0,10] 0.1

lambda L2 regularization term on 1

weights: [0,10]

objective Objective function binary: logistic

eval _metric  Evaluation metric "logloss”
LightGBM learning rate Learning rate: [0,1] 0.2

max_depth ~ Maximum depth of a tree: [0,20] 6

num_leaves  Maximum tree leaves a1

reg_alpha L1 regularization term 0.1

reg lambda L2 regularization term 0.1

objective Objective function binary

metric Evaluation metric binary logloss
CatBoost depth Maximum depth of a tree 9

iterations Number of iterations 500

(2_leaf reg L2 regularization term 1

learning rate Learning rate: [0,1] 0.05

The evaluation of model efficiency considered metrics such as accuracy,

precision, recall, and F1 score, all of which offer different insights into model

performance across various dimensions. The use of macro average (Macro avg) was

chosen for this study as it treats each class equally, regardless of the number of

samples in each class. This approach is crucial in multiclass classification problems



38

with imbalanced data, where some classes have significantly fewer samples than
others. The macro average involves two main steps: 1) calculating the evaluation
metrics (precision, recall, and F1 score) for each individual class, and 2) averaging these
values to provide a more reliable and acceptable comparison of model performance
(Mokhtarimousavi, Anderson, Azizinamini, & Hadi, 2020; Sokolova & Lapalme, 2009).

The values were considered as follows:

TP + TN
Accuracy = (2-9)
TP + TN + FP + FN
TP
Recall (Sensitivity) = (2-10)
TP + FN
TN
Specificity = (2-11)
TN + FP
TP
Precision = (2-12)
TP + FP
2TP
F-Score = ———— (2-13)
2TP + FN + FP
1
AUC = —(Recall + Specificity) (2-14)
2

These metrics were calculated from a confusion matrix, which includes:

TP is a true positive rate.

TN is a true negative rate.
FP is a false positive rate.
FN is a false negative rate.

Accuracy represents the proportion of correct predictions over the total
instances, while recall (sensitivity) measures the model’s ability to correctly identify
relevant instances, and specificity focuses on identifying negative instances accurately.
Precision assesses the proportion of correct positive predictions, and the F1 score
balances precision and recall by calculating their harmonic mean. Given the
imbalanced nature of the dataset, AUC-ROC (Area Under the Receiver Operating
Characteristic Curve) was also utilized as a crucial metric. Unlike accuracy, which can

be misleading with imbalanced data, AUC-ROC provides a robust evaluation by
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assessing the trade-off between true positive and false positive rates across different
thresholds. This metric is particularly valuable as it remains unaffected by class
imbalance and offers a more comprehensive view of the model's performance in
distinguishing between minority and majority classes. By combining traditional metrics
like accuracy, precision, and recall with AUC-ROC, the study ensures a thorough and
reliable assessment of the model's ability to handle imbalanced data.

This comprehensive metric facilitates thorough evaluation across various
dimensions, including accuracy, the rates of true positive and true negative predictions,

prediction values, imbalance management, and discrimination.

Table 2.5 Performance Comparison of Train Models for High-Speed Railways Usage

Prediction
Model Accuracy Sensitivity Specificity Precision F1 score AUC
BL 0.7388 0.7646 0.7118 0.7355 0.7497 0.8149
XGBoost 0.9312 0.9542 0.9070 0.9151 0.9342 0.9306
LightGBM 0.8966 0.9362 0.8549 0.8714 0.8962 0.9681
CatBoost 0.9461 0.9643 0.9270 0.9327 0.9460 0.9910

Table 2.6 Performance Comparison of Test Models for High-Speed Railways Usage

Prediction

Model Accuracy Sensitivity Specificity Precision F1 score AUC

BL 0.7445 0.7720 0.7154 0.7410 0.7562 0.8187
XGBoost 0.8887 0.9245 0.8512 0.8672 0.8949 0.8878
LightGBM 0.8762 0.9299 0.8197 0.8443 0.8755 0.9526

CatBoost 0.8970 0.9292 0.8631 0.8771 0.8966 0.9669
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Comparison of Model Performance Metrics
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As shown in Table 2.5, Table 2.6 and Figure 2.4, the efficiency of High-Speed
Railways travel behavior prediction varied significantly across models. The Binary Logit
Model (BL) achieved training and testing accuracies of 0.7388 and 0.7445, with
sensitivities of 0.7646 and 0.7720, and specificities of 0.7118 and 0.7154, respectively.
Its precision and F1 score were moderate. In contrast, XGBoost performed notably
better, with accuracies of 0.9312 for training and 0.8887 for testing, high sensitivities of
0.9542 and 0.9245, and strong specificities of 0.9070 and 0.8512. Precision and F1 scores
were also high, at 0.9151 and 0.9342 for training, and 0.8672 and 0.8949 for testing.
LightGBM achieved accuracies of 0.8966 for training and 0.8762 for testing, with high
sensitivity of 0.9362 and 0.9299, and specificity of 0.8549 and 0.8197. Precision and F1
scores remained high, with training values of 0.8714 and 0.8962, and testing values of
0.8443 and 0.8755. CatBoost demonstrated the highest efficiency, with accuracies of
0.9461 for training and 0.8970 for testing. Its sensitivity of 0.9643 and 0.9292, and
specificity of 0.9270 and 0.8631 were notably high, as were its precision and F1 scores,
at 0.9327 and 0.9460 for training, and 0.8771 and 0.8966 for testing. CatBoost
outperformed XGBoost and LightGBM, delivering the highest overall predictive
efficiency for High-Speed Railways usage.

The close performance between the training and test sets, with the test set
surpassing the training set in some metrics, can be explained by several factors.
Regularization techniques, commonly used in models like Gradient Boosting,

intentionally reduce the training performance to prevent overfitting and improve
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generalization (T. Chen & Guestrin, 2016). Additionally, if k-fold cross-validation is used,
the reported training performance is averaged across folds, which may differ from the
single test set performance (Krstajic, Buturovic, Leahy, & Thomas, 2014). Finally,
overfitting prevention methods, such as early stopping, allow the model to halt training
before fully fitting the training data, resulting in better performance on the test set

(Natekin & Knoll, 2013).

ROC Curve for BL, XGBoost, LightGBM, and CatBoost

True Positive Rate

BL
AGBoost
LightGBEM
CatBoost

T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 2.5 ROC Curve model

As shown in Figure 2.5, the ROC curve comparison indicates that machine
learning models significantly outperform the baseline logistic regression (BL). The Binary
Logit Model (BL) has the lowest AUC, indicating moderate performance. XGBoost and
LishtGBM show strong classification abilities, while CatBoost performs best with the
highest AUC, making it the most effective in predicting High-Speed Railways travel

mode choices.
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Table 2.7 Cross-Validation Analysis of Model Performance in Transforming Travel

Patterns to High-Speed Railways

Model  Accuracy Sensitivity Specificity Precision F1 score AUC

BL 0.7404 0.7655 0.7140 0.7376 0.7513 0.8161
+ 0.006 + 0.006 + 0.0129 + 0.0085 +£0.0055 + 0.0067

XGBoost  0.8846 0.9210 0.8464 0.8630 0.8910 0.9583
+ 0.0068 + 0.0094 + 0.0062 + 0.0055 +£0.0067 + 0.0036
LightGBM  0.8763 0.9358 0.8139 0.8408 0.8857 0.9506

+ 0.0077  +0.0071 + 0.0107 +0.0083 +0.0069 =+ 0.0034

CatBoost  0.8853 0.9245 0.8441 0.8616 0.8920 0.9584
+ 0.0061 +£0.0072 + 0.0068 + 0.0058 +0.0058 + 0.0034

As shown in Table 2.7, the 10-fold Cross-Validation results reveal noticeable
differences in model performance when predicting High-Speed Railways travel
behavior. The CatBoost model achieved the highest overall efficiency, with an accuracy
of 0.8853 + 0.0061, sensitivity of 0.9245 + 0.0072, and an AUC score of 0.9584 + 0.0034.
Its specificity of 0.8441 + 0.0068 and precision of 0.8616 + 0.0058, combined with a
strong F1 score of 0.8920 + 0.0058, further solidify its role as the most effective model
for predicting changes in travel patterns. The XGBoost model followed closely, showing
an accuracy of 0.8846 + 0.0068, which was slightly lower than CatBoost. However, its
sensitivity of 0.9210 + 0.0094 and AUC of 0.9583 + 0.0036 indicate strong predictive
capability. XGBoost performed similarly in other metrics, including specificity (0.8464 +
0.0062), precision (0.8630 + 0.0055), and F1 score (0.8910 +0.0067). The LightGBM
model demonstrated comparable performance, achieving an accuracy of 0.8763 +
0.0077 and a relatively higher sensitivity of 0.9358 + 0.0071, surpassing both CatBoost
and XGBoost. However, it exhibited lower specificity (0.8139 + 0.0107) and precision
(0.8408 + 0.0083), resulting in a slightly reduced F1 score of 0.8857 + 0.0069 and an
AUC of 0.9506 + 0.0034. In contrast, the Binary Logit (BL) model displayed significantly
lower performance, with an accuracy of 0.7404 + 0.006, sensitivity of 0.7655 + 0.006,
and a lower AUC of 0.8161 + 0.0067. Its specificity (0.7140 + 0.0129), precision (0.7376
+ 0.0085), and F1 score (0.7513 + 0.0055) were also substantially lower compared to
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the machine learning models, reflecting its struggles with imbalanced data. Overall,
the results highlight the significant performance advantages of the machine learning
models over BL, with CatBoost leading in most metrics and providing a reliable,

consistent approach for predicting High-Speed Railway usage
2.4.3 Analysis result of the Binary Logit Model (BL)

The analysis of transportation mode using the Binary Logit Model (BL), as
shown in Table 2.8, identified several important and statistically significant variables.
For example, the gender variable (GEN) had a B value of -0.0734 and a significance
level of 0.013, indicating that males were significantly more likely to choose the new
public transportation system, such as High-Speed Railways, compared to females. This
finding aligns with a previous study by Ta, Wang, Hu, and Liu (2022). They studied travel
behavior and the factors influencing transportation mode choices between males and
females in China. They determined that females were more inclined to use new public
transportation systems, such as High-Speed Railways, than males. This preference was
attributed to females’” more positive perceptions and attitudes toward High-Speed
Railways, including their safety, convenience, and environmental benefits (F. Chen,
Hao, & Chen, 2021; Xiaowei Li et al., 2021; Xie et al., 2022). Additionally, the house size
variable had a B value of —0.3779 with a significance level of less than 0.001, indicating
that individuals with larger house sizes are less likely to travel by High-Speed Railways.
This tendency is linked to factors such as higher travel expenses for larger families, the
convenience of traveling with a large group, and the management of time and activities
for family members. Those living in larger homes often prefer using private cars or
other transportation modes over High-Speed Railways because these alternatives can
be more cost-effective (Rubin, Mulder, & Bertolini, 2014). The variable for the number
of children in a family (CHIL_SIZE) had a 3 value of 0.9693 and a significance level of
less than 0.001, indicating that families with children under 18 years old were more
likely to use High-Speed Railways compared to families without children. This
preference is likely attributed to the additional considerations for vehicle space and
the higher comfort costs associated with traveling with children, which make High-
Speed Railways a more appealing option (Dowling, 2015). High-Speed Railways offer

considerable advantages in terms of convenience over buses and trains and cost
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benefits compared to airplanes. The variable for household income (MON_HOUSE) had
a |3 value of 0.0925 and a significance level of less than 0.001, indicating that higher-
income households were more likely to use High-Speed Railways. This is attributed to
their financial security, which allows them to afford the superior convenience, speed,
and quality of service offered by High-Speed Railways compared to other
transportation modes. High-income households are more likely to overlook travel
costs, valuing the time saved and the ability to engage in other activities, which is a
key factor for them in choosing High-Speed Railways (Ren et al., 2020; P. Zhao & Yuan,
2023). The number of cars in the household had a B value of -0.0476 with a
significance level of 0.198, indicating it was not statistically significant. Among the
variables related to travel purposes, traveling for study or work (OBJ1) did not show
statistical significance. However, traveling for leisure or vacation (OBJ2) had a B value
of -0.2670 and a significance level of 0.008, indicating a statistically significant influence
on travel decisions. Travelers who prefer leisure or vacation travel are less likely to
choose High-Speed Railways, which is consistent with a previous study by Xiaowei Li
et al. (2021) This indicates that travelers who seek relaxation are more likely to use
trains or buses rather than High-Speed Railways. In contrast, travel for work or business
purposes, which is often mandatory or required, typically involves using High-Speed
Railways (Xiaowei Li et al., 2020). Travel for shopping (OBJ3) had a significance level of
0.061, indicating it was not statistically significant. In contrast, the variable for traveling
between cities (FR_TRA) had a B value of 0.3582 and a significance level of less than
0.001, showing that frequent travelers were more likely to use High-Speed Railways.
This is attributed to the convenience and speed of High-Speed Railways, which meet
their needs for reliability and time savings. Higsh-Speed Railways reduce travel fatigue
and enhance efficiency, leading to greater satisfaction for customers who frequently
travel between cities. Additionally, the variable for access time (ACCESS) was
considered in this analysis. The variables of waiting time (WAITING), travel time
(TRAVEL), and service frequency (Headway) (FR_TRA) all had negative B values with a
significance level of less than 0.001. This indicates that if access time, waiting time,
travel time, and service frequency for High-Speed Railways were to increase, customers

would be more likely to choose High-Speed Railways for their travel. The accessibility
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of transport stations plays a crucial role in this decision. Regarding access time, Martin,
Roman, Garcia-Palomares, and Gutiérrez (2014) have explored strategies for enhancing
service by improving station access, either via private car or direct public transport
connections. These improvements increase the competitiveness of the public
transport system relative to other modes of transportation. The emphasis on saving
time while waiting for transportation between cities is valued more than the time spent
accessing the station (Roman et al., 2014). Waiting time plays a crucial role in customer
decision-making and satisfaction (Abenoza, Cats, & Susilo, 2019). If the waiting time for
High-Speed Railways is excessively long, it will likely reduce demand and decrease its
competitive edge compared to other transportation modes (L. Wu, Zhang, & Wang,
2015). Travel time is a crucial factor in travel planning, with travelers often preferring
transportation systems that offer shorter travel times (Danapour, Nickkar, Jeihani, &
Khaksar, 2018; Lhéritier, Bocamazo, Delahaye, & Acuna-Agost, 2019). Service frequency
considerably impacts the competitiveness of the public transport system. A lower
headway improves the service level and provides a competitive advantage in the
market (Jiaoe Wang, Huang, & Jing, 2020). The study by Yuanging Wang et al. (2014)
has shown that the frequency of High-Speed Railways service effectively segments the
market. The cost (COST) has a B value of 2.1997 and a significance level of <0.001,
indicating that higher costs are associated with increased travel by High-Speed Railways,
consistent with the study by Karmarkar, Jana, and Velaga (2023). A study on the
willingness to pay for High-Speed Railways services in India found that travelers were
willing to pay an average of 300 rupees, which is higher than their current travel
expenses, in exchange for saving time on their journeys. This finding aligns with the
study by Shelat, Cats, and van Lint (2021), which revealed that travelers were willing
to pay more to reduce waiting time and improve travel accuracy. The Binary Losit
Model (BL) analysis yielded a Cox and Snell R? value of 0.287 and a Nagelkerke R?
value of 0.383. According to relevant literature, R? values between 0.2 and 0.4 are

generally considered indicative of a good model fit (Abulibdeh, 2018).
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Table 2.8 Model parameter estimates for mode choice

Variable B Standard error Sig.
CONST 13.6393 0.462 <0.001*
GEN -0.0734 0.029 0.013*
HOUSE_SIZE -0.3779 0.016 <0.001*
CHIL SIZE 0.9693 0.035 <0.001*
MON_HOUSE 0.0925 0.019 <0.001*
N_CARS -0.0476 0.037 0.198
OBJ1 0.0112 0.101 0.912
OBJ2 -0.2670 0.101 0.008*
OBJ3 -0.2042 0.109 0.061
FR_TRA 0.3582 0.014 <0.001*
ACCESS -3.3402 0.148 <0.001*
WAITING -9.5750 0.471 <0.001*
TRAVEL -14.6052 0.447 <0.001*
COST 2.1997 0.195 <0.001*
FREQ -1.0164 0.071 <0.001*

* Sig. = Significance < 0.05
2.4.4 Assessing Future Travel Mode Choice

The evaluation of mode choice is crucial for understanding travelers’
economic attributes and the conditions influencing their travel mode decisions based
on survey response rankings. The SHAP method offers a deeper analysis of how
economic and social attributes, along with travel conditions, affect travel mode choice.
This methodology primarily aims to relate each data instance response with travel
behavior patterns for more accurate insights (Zaidan, Abulibdeh, Alban, & Jabbar, 2022).

Figures 2.6 to 2.8 show the mapping of responses to understand the
influence of various variables on mode choice. The importance of the input variables,
as displayed in Figures 2.6 to 2.8, was determined by calculating the average of the
absolute Shapley values. The input features were then ranked based on their

significance, with a higher mean SHAP value indicating greater importance. Figure 2.6
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presents the XGBoost analysis results, Figure 2.7 shows the LightGBM analysis results,
and Figure 2.8 depicts the CatBoost analysis results, revealing similar variable
prioritization across the models. The most important factors for choosing High-Speed
Railways in the future were travel time, service frequency, access time, travel cost,
waiting time, number of children in the family, frequency of inter-provincial travel per
year, number of household members, household income, private car ownership, travel
purpose for study/work, gender, travel purpose for leisure/vacation, and travel purpose
for shopping, respectively. The machine learning analysis of important factors for High-
Speed Railways choice in the future aligned with the results obtained using the Binary
Logit Model (BL) method.
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Figure 2.6 Impact of input features on High-Speed Railways usage prediction using

SHAP with XGBoost
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Figure 2.8 Impact input features on High-Speed Railways usage prediction

using SHAP with CatBoost

The decision to use High-Speed Rail in Thailand is influenced by several key

factors, as highligshted by the SHAP analysis in Figures 2.6 to 2.8. Travel time is crucial,
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as High-Speed Rail offers a substantial time-saving advantage over conventional buses
and trains, which are often slower and more prone to delays. Passengers who value
time efficiency, especially frequent inter-provincial travelers, find High-Speed Rail
particularly attractive in Thailand, where long bus rides and traffic congestion are
common. However, if the time savings offered by High-Speed Rail are not as great as
air travel or if passengers prefer the flexibility of buses or personal vehicles, some may
opt for these alternatives. Another significant factor is access time to High-Speed Rail
stations. Longer access times can reduce the appeal of High-Speed Rail, especially for
passengers in rural areas with less developed public transportation infrastructure.
Conversely, passengers in urban areas or those prioritizing speed, comfort, and
reliability may still choose High-Speed Rail, even if access times are longer compared
to other modes of transport like buses or conventional trains, which typically offer
more flexible access points. Service frequency also plays a critical role in passengers'
decisions. When High-Speed Rail services are infrequent or the intervals between
departures are too long, passengers may turn to buses, which operate more frequently
and offer greater flexibility. This is particularly relevant in Thailand, where buses are a
common mode of transportation between provinces and have flexible schedules that
accommodate passengers' travel needs, especially for last-minute trips. Cost is another
key factor influencing passenger behavior. While some passengers, particularly those
with higher incomes, are willing to pay more for the speed, comfort, and reliability of
High-Speed Rail, others are more price-sensitive and opt for cheaper alternatives like
buses or traditional trains. When High-Speed Rail fares are perceived as too high,
passengers often choose buses, which are much less expensive, or trains if speed is
not a priority. Waiting time between High-Speed Rail services is a major deciding factor.
Long waiting times make High-Speed Rail less attractive, particularly for passengers who
value flexibility and frequent departures. In Thailand, where buses and airplanes offer
more frequent services, passengers may find these alternatives more convenient.
Moreover, longer waiting times can disrupt travel plans and extend the overall journey
duration, making High-Speed Rail less appealing to those who prioritize quick and

efficient travel.
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Household income higher earners may opt for it because it saves them time,
but passengers with lesser incomes may not believe that purchasing more expensive
tickets is worthwhile. Additionally, having an automobile has a variety of effects. While
some passengers who own cars prefer to be able to drive, others could choose to take
the High-Speed Rail in order to escape traffic and parking issues. Gender data indicates
that women are more likely than males to utilize high-speed trains, most likely due to
their awareness of the benefits' security and comfort. Passengers traveling for business
or study show a range of behaviors when it comes to their travel habits. Some may
prioritize money and select less expensive options, while others may value the time
efficiency of High-Speed Rail. Tourists and leisure travelers prefer to steer clear of high-
speed rail, probably due to the variable nature of vacation travel, where flexibility in
scheduling and cost-effectiveness trump speed. Similarly, shopping trips result in mixed
behavior, with some passengers choosing High-Speed Rail for convenience and others

prioritizing flexibility or cost savings.
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Figure 2.9 Feature importance for High-Speed Railways usage using SHAP

In Figure 2.9, the importance of each feature was determined by calculating

the average absolute values of Shapley across the dataset. The input features were
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ranked by their significance based on the mean SHAP values, with higher values
indicating greater importance. Additionally, the figure emphasizes the significance of

each input variable for the High-Speed Railways mode.

2.5 Discussion

The comparison between the four models shows that the Binary Logit Model
had the lowest efficiency in analyzing travel mode choices, primarily due to its
limitations in handling complex, imbalanced datasets. Binary Logit Mode, being a
traditional model, often struggles with non-linear relationships and data variability
(Tang et al, 2024). In contrast, the three machine learning models—XGBoost,
LightGBM, and CatBoost—demonstrated superior efficiency, with CatBoost
outperforming the others. The strength of CatBoost lies in its ability to handle
imbalanced datasets effectively, a common challenge in travel mode prediction
studies. Its resilience to overfitting further enhances its utility, making it particularly
suitable for complex datasets like those used in this analysis. Moreover, CatBoost’s
robust handling of missing data and integration with under sampling techniques
provides a more balanced and accurate prediction of less common travel modes,
while maintaining interpretability and accuracy across the model (Huanfa Chen &
Cheng, 2023).

The results from the CatBoost model underline that travel time plays a decisive
role in the choice of High-Speed Railways as a new mode of transportation. The
significant reduction in travel time is a key factor driving passengers to opt for High-
Speed Rail, especially in Thailand, where conventional modes like buses or trains are
often hindered by traffic congestion and delays. This advantage makes High-Speed Rail
a highly efficient and attractive alternative, particularly during peak hours when time
efficiency is crucial. As previous studies have shown, passengers tend to prioritize faster
travel options that minimize travel time (Yajuan Deng, Yu Bai, Liangbin Cui, & Renjie
He, 2023; L. Liu & Zhang, 2018; Jiangiang Wang, Zhao, Liu, & Huang, 2023).In addition
to travel time, access time is another critical factor. The convenience of accessing High-
Speed Rail stations, especially in urban areas, significantly improves passenger
preference. As Yongsheng Zhang, Kangyu Liang, Enjian Yao, and Mingyi Gu (2024)

pointed out, reliable and predictable access to stations enhances overall convenience,
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making High-Speed Rail more appealing. However, in more rural or less developed
regions, longer access times can reduce the attractiveness of High-Speed Rail as an
option, which is why improving station accessibility remains a key policy
recommendation (Zhou et al.,, 2020). Service frequency further impacts passengers'
choices. Short intervals between train arrivals improve service efficiency and reduce
waiting times, which are critical in maintaining the system’s competitive edge over
other modes like buses or airplanes. If services are too infrequent, passengers may opt
for more flexible options like buses, which run more frequently, especially between
provinces (L. Liu & Zhang, 2018). The cost of High-Speed Railways services is also a
significant factor. Passengers with higher incomes are more willing to pay for faster,
more reliable transportation, as studies in other countries like India and Italy have
shown (Carteni, Pariota, & Henke, 2017; Karmarkar et al., 2023). However, for price-
sensitive passengers, especially in developing regions, the higher cost of High-Speed
Rail could deter them from using the service. Balancing affordability with service quality
is thus essential to increase ridership across diverse income groups. Waiting time
between services is crucial in shaping the passenger experience. Long waiting times
negatively affect satisfaction and reduce the likelihood of passengers opting for High-
Speed Rail, particularly when more frequent and flexible alternatives like buses and
airplanes are available (Pei, Zhou, & Peng, 2013). Managing wait times efficiently not
only enhances the travel experience but also boosts the competitiveness of High-
Speed Railways by ensuring smoother operations and improved passenger flow.
Family structure is one of the most important social and economic elements
influencing travel behavior in Thailand. Compared to bigger families, smaller families
travel more frequently, especially for leisure purposes. In contrast, larger households
with higher incomes are more likely to own private cars, influencing their mode of
travel. The size of the home, the family's income, whether or not a car is owned, and
whether or not there are small children or elderly family members all have an impact
on travel behavior (P. Zhao & Yuan, 2023). For instance, because of their convenience
and safety characteristics, families with children are thought to find particular value in
High-Speed Railways (HSR). In Thailand, where traffic congestion frequently makes long-
distance travel difficult, High-Speed Rail (HSR) offers a quick and effective substitute.
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This makes it appealing to families looking for dependable modes of transportation.
High-Speed Railways is a better option for families who value safety and punctuality
because it is more socially and economically beneficial than traditional trains and has
higher traffic efficiency (Hongsheng Chen, Sun, Zhu, & Zeng, 2016). Moreover, choosing
to use high-speed rail is heavily influenced by household income. Families with lower
incomes also express a desire to utilize High-Speed Railways because it provides
greater reliability, safety, and comfort, even though passengers with higher incomes
are more likely to choose it because of its time-saving advantages. These advantages
are especially crucial in places like Thailand, where traffic and accidents frequently
make road travel uncertain. For special trips where safety and dependability are more
important than cost, like family holidays or necessary travel, lower-income families
may consider High-Speed Railways to be worth the additional expense. This indicates
that although cost is still an obstacle, for some population segments the benefit
offered by High-Speed Railways can outweigh the increased price (Y. Huang, Song, &
Jia, 2014).

Travel preferences are influenced by owning a car. While some people choose
to use High-Speed Railways to avoid traffic and parking issues, others, especially in
large cities like Bangkok, like having the freedom to drive. Behavior is influenced by
gender as well, women are more likely to use High-Speed Railways because it feels
secure and comfortable. In Thailand, where concerns about safety are common, this
makes High-Speed Railways more alluring to female travelers. Business and study
travelers have different preferences when it comes to transportation. While some
choose more affordable options, others enjoy High-Speed Railways 's ability to save
time, especially when traveling from an urban location to a rural one. Meanwhile, High-
Speed Railways is usually avoided by tourists and leisure visitors in favor of more
flexible and cost-effective options like buses or private cars. High-Speed Railways
networks offer quick and effective transportation, making it possible for frequent
travelers to go where they're going without difficulty, as Y. Huang et al. (2014) further
highlights. When it comes to passengers with tight schedules, including those who are
going for business or school, High-Speed Railways 's timeliness guarantees dependable

travel. Because of its dependability, High-Speed Railways is a competitive choice for
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long-distance or intercity travel, particularly in Thailand where road traffic can be
unpredictable. In conclusion, considering its benefits in terms of speed, safety, and
dependability, High-Speed Railways is a desirable alternative for families, women, and
those with better incomes in Thailand. Lower-class visitors may find High-Speed
Railways less appealing because of its expense, but many of them still think it's a good
choice for special occasions because of its total value. While travelers and those
looking for flexibility could favor less expensive options, measures to alleviate these
socioeconomic gaps and enhance accessibility to High-Speed Railways might

encourage use among a wider range of income levels.

2.6  Conclusion and Policy Implications

Thailand's collaboration with China to develop High-Speed Rail (HSR) is a crucial
step in enhancing transportation infrastructure and boosting regional economic growth.
While most research focuses on existing travel modes like cars, buses, and planes,
there's a lack of analysis on future transport choices, particularly in developing nations
like Thailand. This study addresses this gap by analyzing factors influencing High-Speed
Railways adoption, such as access time, service frequency, and socioeconomic
characteristics, to shape future traveler decisions.

The comparison of models for predicting High-Speed Rail usage revealed that
CatBoost consistently outperformed the other models, with cross-validation confirming
its superior performance across all key metrics. The Binary Logit Model (BL)
demonstrated moderate effectiveness, achieving an accuracy of 0.7404 + 0.006,
sensitivity of 0.7655 + 0.006, and a relatively lower AUC of 0.8161 + 0.0067. Its
specificity (0.7140 + 0.0129), precision (0.7376 + 0.0085), and F1 score (0.7513 + 0.0055)
were moderate, but it struggled with handling imbalanced data. In contrast, XGBoost
showed significantly stronger results, with an accuracy of 0.8846 + 0.0068, a sensitivity
of 0.9210 + 0.0094, and an AUC of 0.9583 + 0.0036. XGBoost also delivered high
specificity (0.8464 + 0.0062), precision (0.8630 + 0.0055), and F1 score (0.8910 + 0.0067).
LightGBM also performed well, with an accuracy of 0.8763 + 0.0077 and a relatively
high sensitivity of 0.9358 + 0.0071. However, it exhibited lower specificity (0.8139 +
0.0107) and precision (0.8408 + 0.0083), resulting in a slightly reduced F1 score of
0.8857 + 0.0069 and an AUC of 0.9506 + 0.0034. CatBoost demonstrated the highest
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overall performance, with its ability to handle imbalanced datasets, avoid overfitting,
and provide clear interpretability through SHAP values, making it the most effective
model for predicting High-Speed Rail usage, outperforming XGBoost, LightGBM, and BL.
The relatively higher performance of CatBoost can be generalizable to similar studies
in different regions or countries, depending on the structure and characteristics of the
dataset in each region, such as social and demographic diversity, transportation
options, and regional transportation policies.

The decision to use High-Speed Rail (High-Speed Railways) in Thailand is
influenced by several key factors, reflecting the unique transportation context of the
country. Travel time is a major advantage, with High-Speed Railways offering faster
journeys compared to buses and conventional trains, which are prone to delays,
making it appealing to frequent inter-provincial travelers. However, if time savings are
not significant compared to air travel or if passengers prefer the flexibility of buses or
private cars, High-Speed Railways may not be their preferred choice. Access time to
stations also plays a critical role, especially for rural passengers where public transport
infrastructure is less developed, though urban travelers may still prioritize High-Speed
Railways for its speed and reliability. Mixed responses regarding access time are
observed; some passengers still choose High-Speed Railways despite longer station
access due to its overall comfort and speed, while others prefer buses or personal
vehicles for greater flexibility. Service frequency is another crucial factor; infrequent
departures could drive passengers to opt for buses, which provide more flexible
schedules. Cost, whether high or low, leads to mixed behavior: some passengers are
willing to pay more for the convenience and time savings High-Speed Railways offers,
while others may opt for cheaper alternatives regardless of High-Speed Railways’s
affordability. Waiting time between services can further dissuade passengers, especially
in Thailand, where buses and airplanes offer more frequent options. Household
income and automobile ownership also influence preferences, with higher earners and
those without cars more inclined to choose High-Speed Railways. Women are more
likely than males to select High-Speed Railways in Thailand, probably because of its
comfort and safety characteristics. This suggests that gender plays a part. The reason

for the trip also counts. While consumers and leisure travelers have mixed tastes and



56

frequently value flexibility and cost savings over speed, business and study commuters
prefer High-Speed Railways for its time efficiency. The use of High-Speed Railways in
Thailand is influenced by a number of factors that together show the population's
varied requirements and habits.

By taking into account elements related to travel behavior, policymakers can
gain a better understanding of how people make transportation decisions and develop
solutions that can be customized to support high-speed rail and remove adoption
hurdles. Policymakers can more successfully focus policies to promote sustainable
transportation choices and remove barriers to HSR adoption by understanding
reactions to various circumstances.To effectively promote High-Speed Rail (HSR) usage
in Thailand, several key policy actions can be implemented:

1)  Enhancing Confidence in High-Speed Railways: Publicizing data on
reduced travel times compared to cars and other modes will build public
trust in the speed and punctuality of High-Speed Railways.

2)  Increasing Service Frequency: Adjusting High-Speed Railways schedules to
meet peak demand during mornings, evenings, and weekends, and adding
extra services during festivals, will reduce waiting times and enhance
service availability.

3)  Competitive Pricing: Offering discount packages for groups like students,
families, and seniors, and seasonal promotions, will make High-Speed
Railways more attractive, especially compared to other transport options.

4)  Reducing Station Waiting Time: Streamlining boarding processes through
more efficient ticketing systems, online reservations, and real-time
updates on train schedules will improve passenger experience and
reduce delays.

5)  Developing Infrastructure Connections: Expanding public transport links
(buses, metro) to High-Speed Railways stations will improve accessibility,
particularly from community areas, encouraging more people to use High-

Speed Railways.
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6)  Family-Friendly Services: Providing family-oriented services like child-
friendly areas, diaper-changing stations, and family travel discounts will
make High-Speed Railways more appealing to families.

7)  Targeting Car Users: Highlighting benefits like reduced travel fatigue, lower
accident risks, and long-distance cost savings will encourage car users to
switch to High-Speed Railways. Offering secure parking options at stations
will facilitate this shift.

8)  Ongoing Public Relations Campaigns: A continuous public relations effort
is essential to raise awareness of High-Speed Railways 's benefits and
address public concerns, ensuring widespread adoption of this mode of
travel.

While these policies can promote High-Speed Railways, there are practical
limitations to consider. Financial constraints, such as funding for discounts and
infrastructure improvements, must be addressed. Increasing train frequency is
challenging due to physical infrastructure limits. Human resource management, legal
approvals, and compliance with environmental regulations must also be considered.
Regular data collection and evaluation will ensure that policies are adapted to

passenger needs, maximizing the long-term success of High-Speed Railways in Thailand.

2.7 Limitations and Further Research

This study has several limitations. First, the use of hypothetical scenarios and
reliance on estimated data, as the High-Speed Railways infrastructure was not yet
constructed, may introduce uncertainty into the findings. Additionally, the absence of
real-world behavioral data and potential variations in travel preferences over time
could affect the generalizability of the results. There are also potential biases inherent
in the self-administered questionnaires used in the study, and the short data collection
period may not fully capture long-term travel behavior changes. Furthermore, the
reliance on a single method of data collection may limit the comprehensiveness of
the findings, particularly as the study focused on travel mode choice during a specific
timeframe. These factors may influence the accuracy and generalizability of the
models used, especially as transportation preferences evolve due to economic or

infrastructural changes.
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For future research, it is recommended to integrate a variety of data sources,
such as real-time tracking technologies (e.g., UAV-based object tracking) and longer-
term data collection. This approach would provide more dynamic insights and enhance
the predictive power of machine learning models. Additionally, future studies could
explore the broader economic and environmental impacts of High-Speed Railways
development in Thailand, incorporating post-launch customer feedback surveys to
assess satisfaction and service effectiveness. Such data would be invaluable for refining
transportation policies and improving the High-Speed Railways services to better meet

the evolving needs of the population.
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CHAPTER IlI
ANALYZING HIGH-SPEED RAIL’S TRANSFORMATIVE IMPACT ON
PUBLIC TRANSPORT IN THAILAND
USING MACHINE LEARNING

3.1  Abstract
This study investigates the impact of high-speed rail (HSR) on Thailand’s public

transportation market and evaluates the effectiveness of machine learning techniques
in predicting travel mode choices. A stated preference survey was conducted with
3200 respondents across 16 provinces, simulating travel scenarios involving buses,
trains, airplanes, and HSR. The dataset, consisting of 38,400 observations, was analyzed
using the CatBoost model and the multinomial logit (MNL) model. CatBoost
demonstrated superior predictive performance, achieving an accuracy of 0.853 and an
AUC of 0.948, compared to MNL’s accuracy of 0.749 and AUC of 0.879. Shapley additive
explanations (SHAP) analysis identified key factors influencing travel behavior, including
cost, service frequency, waiting time, travel time, and station access time. The results
predict that HSR will capture 88.91% of the intercity travel market, significantly
reducing market shares for buses (4.76%), trains (5.11%), and airplanes (1.22%). The
findings highlight the transformative role of HSR in reshaping travel patterns and offer
policy insights for optimizing pricing, service frequency, and accessibility. Machine
learning enhances predictive accuracy and enables a deeper understanding of mode

choice behavior, providing a robust analytical framework for transportation planning.
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3.2  Introduction

Thailand is modernizing its public transportation system to support economic
growth and population mobility, aiming to enhance travel efficiency for the public.
Central to this is the high-speed rail (HSR) project, anticipated to launch soon, which
will drastically reduce travel times between major cities such as Bangkok and Chiang
Mai. This project is expected to draw passengers from buses, trains, and domestic
airlines because of its speed and convenience (Banyong et al., 2024; Sresakoolchai &
Kaewunruen, 2020). HSR, with its modern features and efficiency, is considered an
appealing option for passengers seeking faster travel solutions (Shuyuan Liu & Putro,
2024; Yang et al., 2022).

However, HSR’s introduction will inevitably impact the competitive dynamics
of Thailand’s public transportation market, especially affecting the bargaining power
and market share of existing systems (Bergantino & Madio, 2020; F. Xu et al., 2022; Q.
Zhang, Yang, Wang, Zhang, & Zhang, 2020). Currently, intercity public transportation in
Thailand is dominated by buses, trains, and airplanes. As of 2022, buses are the primary
choice for 78.25% of passengers because of their extensive network and affordability.
Trains serve 7.47% of passengers, mainly on routes between major provinces, although
they lack speed and convenience. Airplanes hold a 14.28% market share, favored for
routes like Bangkok-Chiang Mai and Bangkok-Phuket, where speed and comfort are
priorities (Office of Transport and Traffic Policy and Planning, 2024).

Fisure 3.1 illustrates the proportion of passengers using buses, trains, and
airplanes between cities in Thailand from 2017 to 2022. The advent of HSR, with its
advantages, raises critical questions regarding how existing transportation systems—
airlines, trains, and buses—uwill adjust their strategies to retain market share. The long-
term impact of HSR on the market structure is also a concern. Studies on market share
changes following the introduction of new travel systems in various countries reveal
significant effects because of increased competition. F. Xu et al. (2022) found that HSR
reduced leading transportation providers’ market dominance. Similarly, Nicolo
Avogadro, Eric Pels, and Renato Redondi (2023) emphasized that increasing service
frequency and reducing travel time boosted the HSR market share in the London-

Amsterdam corridor. Ammar Abulibdeh (2023) found that the introduction of a subway
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in Doha reduced reliance on cars and taxis, with XGBoost emerging as the most
accurate market share prediction model. Risti¢, Stojadinovi¢, and Trifunovi¢ (2022)
examined the competition between old and new HSR services, finding that
competition expanded market share, evidenced by Trenitalia’s success on the Paris-
Lyon route. S. Wu and Han (2022) demonstrated that poor station accessibility in
suburban China increased demand for airplanes, especially for distances under 1500
km. Meanwhile, Yuniaristanto, Sutopo, Hisjam, and Wicaksono (2024) predicted a 5.7%
increase in Indonesia’s electric motorcycle market share by 2030 through a System
Dynamics model. For rail transportation, Shi, Hu, Zhou, and Liu (2014) showed that
train speeds exceeding 50 km/h significantly increased market share, influenced by
container capacity and transportation distance. In Sweden, Vigren (2017) reported
lower ticket prices and higher ridership after the rail market was opened to
competition. However, Tome$ and Jandova (2018) noted that while competition in
Europe increased passenger numbers, it also reduced midrange income because of
discount pricing.

Despite these international insights, existing research fails to provide a
comprehensive understanding of how HSR introduction may reshape Thailand’s
transport sector. While studies in other countries have analyzed the effects of HSR on
market competition, pricing strategies, and passenger modal shifts, similar
investigations in Thailand remain scarce. Although the Thai government has projected
significant passenger demand for HSR, there is limited empirical evidence to support
these forecasts, particularly concerning how different traveler segments will respond
to HSR services.

Prior studies in Thailand have primarily relied on traditional econometric
models like the multinomial logit (MNL) model, which, despite their widespread use,
may not fully capture the complexity of real-world travel behavior. These models
assume fixed relationships between variables, limiting their ability to reflect nonlinear
interactions and evolving market dynamics. In contrast, machine learning (ML)
techniques offer a more advanced approach by uncovering hidden patterns in large

datasets, yet their application in HSR adoption analysis remains underexplored.
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Figure 3.1 The proportion of intercity public transport passenger volume in Thailand

(2017-2022)

Transportation mode choices impact system efficiency and sustainability,
influenced by personal, area-specific, and perception-based factors. Personal factors
like age, gender, income, and vehicle ownership affect preferences, with higher-income
individuals favoring private vehicles (Armah et al., 2010; Cascetta et al., 2020; Givoni,
2006; Puan et al., 2019; Wojcik, 2019; D. Wu & Martin, 2022; X. Yu et al,, 2018). Area-
specific factors, including population density, land use, and accessibility, also shape
mode choice, as seen in U.S. and German studies linking high-density areas to greater
public transport use (Buehler, 2011; Shen, Sakata, & Hashimoto, 2006). Perception-
based factors such as government policies, pricing, service quality, and environmental
concerns further influence decisions. Research suggests passengers prefer public
transport with waiting times under 10 min, while compact urban development
enhances trust and convenience (Al Doori, 2017; J. Chen & Li, 2017; D. Wang & Zhou,
2017). In Thailand, key determinants of HSR adoption include travel time, station
accessibility, service frequency, cost, waiting time, demographics, and private vehicle
ownership. Travel purpose, such as commuting for work, study, or leisure, also plays a
role, underscoring the need for improved regional transportation policies (Banyong et

al., 2024).
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Market segmentation significantly affects competition and economic efficiency.
Monopolistic conditions can hinder innovation, increase costs, and limit accessibility,
restricting mobility and economic growth (Osawa, Akamatsu, & Takayama, 2017; F. Xu
et al,, 2022). HSR infrastructure can mitigate these barriers by lowering transaction
costs, improving connectivity, and promoting resource flow. However, Thailand lacks
detailed studies on how airlines, buses, and trains will respond to HSR competition.
This study addresses that gap by using machine learning to analyze key competitive
factors and predict market share shifts. The findings will provide insights for
policymakers to develop strategies that foster fair competition and sustainable

transportation planning.

Accurate predictions of the travel demand for new transportation systems are
essential for estimating future modal share, understanding travelers’ attitudes, and
predicting potential behavioral changes. Machine learning (ML) has emerged as a
powerful analytical tool in the transportation sector, offering data-driven insights that
enhance decision-making and predictive modeling. In recent years, ML techniques have
been widely applied to assess travel behavior, optimize transportation networks, and
forecast market trends. By leveraging large datasets, ML algorithms can identify
patterns and relationships that traditional statistical models may overlook, making
them particularly suitable for analyzing complex systems such as public transportation.
Currently, machine learning methods are widely used for this analysis ( Ammar
Abulibdeh, 2023; L. Cheng et al., 2019; Darwish et al., 2024; Jenny Diaz-Ramirez et al,,
2023; Elharoun et al., 2023; M. T. Kashifi et al., 2022; Kim, 2021; Xiaowei Li et al., 2024;
Salas et al, 2022; F. Wang & C. L. Ross, 2018; X. Zhao et al,, 2020). Among these
methods, XGBoost is a popular ensemble learning algorithm known for its efficiency.
However, recent research by Banyong et al. (2024) found that CatBoost outperforms
other methods in analyzing traveler behavior. In this study, ML is employed to examine
the transformative impact of high-speed rail (HSR) on Thailand’s public transport
landscape. Specifically, the CatBoost algorithm—a gradient-boosting method designed
to handle categorical variables efficiently—is utilized to predict travel mode choices.
CatBoost has demonstrated superior performance over traditional models, such as the

multinomial logit (MNL) model, due to its ability to mitigate overfitting and handle
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imbalanced data effectively. Additionally, CatBoost offers robust performance in
scenarios with high-dimensional data, making it a compelling choice for transportation
demand modeling. To enhance interpretability, this study also employs Shapley
Additive Explanations (SHAP), a widely used method for explaining ML model
predictions. SHAP values provide insights into the relative importance of various factors
influencing travel mode decisions, such as cost, service frequency, waiting time, and
station accessibility. By incorporating SHAP analysis, the study improves the
transparency of ML-driven findings and facilitates policy recommendations based on

data-driven evidence.

The structure of this paper is as follows: Section 2 details the methodology,
encompassing data collection procedures, model selection criteria, and analytical
techniques employed in the study. Section 3 presents the research findings, including
market share projections and an evaluation of model performance. Section 4 provides
an in-depth discussion of the key findings, policy implications, and potential strategic
responses from existing transport modes. Finally, Section 5 concludes the study with

a summary of the main insights and recommendations for future research directions.

3.3  Materials and Methods
3.3.1 Stated Choice (SC) Experiment Design

The market share analysis of transportation modes, including buses,
trains, airplanes, and HSR, began with data collection through questionnaires simulating
travel mode choices. Data validation ensured completeness, correctness, and balance,
minimizing deviations among users of different travel modes. The data were processed
and analyzed using Python 3.12.7 via Anaconda, requiring approximately two hours of
final preparation. The analysis used an Intel Core i9-13900H processor (2.60 GHz, 13th
Generation) and 32 GB RAM. Market share calculations evaluated the usage proportions
of each mode, and the multinomial logit model predicted travel mode choices based
on influencing factors. Machine learning techniques, especially CatBoost, were
employed to enhance prediction accuracy and address overfitting. Hyperparameter
tuning optimized the model, and cross-validation ensured reliability by testing on

multiple data segments. SHAP (Shapley Additive Explanations) was used to analyze
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factor importance, identifying the positive and negative influences on passengers’
decisions. Finally, the elasticity analysis examined how changes in factors such as price
or travel time affected market share, providing insights into traveler behavior. To ensure
that the research results meet the required accuracy and performance criteria, a
decision point was incorporated into the framework, allowing for model refinement
through hyperparameter tuning and retraining if necessary. These results support the
development of strategies and policies to improve transportation systems. Figure 3.2

illustrates the detailed conceptual framework.

3 Collect
==
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I I |
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Figure 3.2 Research process flowchart
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3.3.2 Stated Preference (SP) Survey

This survey aimed to predict shifts in travel mode proportions following
the introduction of HSR and to examine the factors influencing decisions regarding
future public transportation options, including buses, trains, airplanes, and HSR.
Machine learning techniques were applied to cover Thailand’s four main regions: north,
northeast, central, and south. The study focuses on identifying key factors that
influence travel mode choices and understanding their impact on passenger behavior
(Banyong et al,, 2024). The survey targeted significant provinces in each region with
planned HSR stations, selecting the highest-potential provinces based on 2022
economic variables (NESDC, 2022), as illustrated in Figure 3.3. Regional differences in
economic conditions and infrastructure were also considered because these factors
play a crucial role in shaping travel behavior. By conducting the survey across multiple
provinces, the analysis provides a comprehensive reflection of passenger travel

behavior on a national scale (Srithongrung & Kriz, 2019).

o 50 100 150 200

Figure 3.3 Provinces selected for data collection in Thailand
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Data collection involved one-on-one interviews with an 18-year-old sample
group across 16 provinces. The total sample size was 3200 individuals (200 per
province). Convenience sampling was used to ensure regional coverage, reduce bias,
and increase the study’s reliability. The collected data are robust enough for machine
learning analysis, meeting the requirement of 50-1000 times the number of predicted
classes. This study involves four classes (Pavlou et al., 2024). The survey had two parts:
the first collected economic and social data, while the second gathered stated
preferences (SPs). The SP section used a choice experiment (SC) where participants
selected future travel modes, taking into account factors such as station approach
duration, delay intervals, journey duration, financial expenditure, and operational
regularity. This design accurately assesses travel behavior in the future public
transportation context (Arencibia et al., 2015; Kujala et al., 2018). The results from this
analysis are crucial for improving public transportation services. Key applications
include increasing service frequency, optimizing routes, and setting appropriate fare
structures. Additionally, the data offers valuable insights for evaluating the competitive

potential of different transportation modes and supporting strategic business decisions.

3.3.2.1 Stated Choice (SC) Experiment Design

Table 3.1 presents a detailed summary of the attributes and levels
employed in the stated choice (SC) experiment, emphasizing the essential factors
influencing travel mode selection: station approach duration, delay periods, journey
length, financial expenditure, and operational frequency. Each attribute has multiple
levels to simulate various scenarios, ensuring accuracy in responses. The SC experiment
focused on the Bangkok-Chiang Mai route (700 km), a crucial case study for analyzing
travel behavior changes because of its competitive distance among HSR and other

modes.

Because HSR infrastructure was not yet constructed during the
study, data on travel time, costs, waiting time, and service frequency were derived
from public sector estimates disseminated through the media (Economic Base,
2017).To ensure realistic scenario representation, other key parameters were

referenced from existing research studies, incorporating empirical findings on passenger
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behavior, operational performance, and market conditions. While these estimates
provided a structured foundation for modeling potential travel behavior shifts, their
reliance on assumptions rather than real-world operations introduces uncertainty and

potential biases, affecting the reliability and accuracy of the model’s predictions.

A primary concern is that forecasted values for travel time, cost, and service
frequency may differ from actual HSR operations once implemented. Projected travel
times may not fully capture operational delays, infrastructure constraints, or network
efficiency, while cost estimates might not accurately reflect future pricing strategies,
government subsidies, or evolving market competition. Additionally, service frequency
projections are often based on expected demand, which may vary due to economic
conditions, policy changes, or unforeseen passenger adoption rates. Such discrepancies
could lead to inaccuracies in predicting modal shifts, impacting the credibility of

demand forecasts and policy recommendations.

Data were then adjusted to reflect realistic scenarios. To ensure that the
hypothetical scenarios in the stated preference (SP) survey accurately represented
real-world travel conditions, the collected data underwent an adjustment process
based on official sources and observed travel patterns. Waiting times were derived
from ticket reservation recommendations, ensuring alisnment with actual passenger
experiences, with data sourced from national ticket reservation centers for buses and
trains (BusOnlineTicket.co.th, 2024), as well as airline ticketing websites (AirAsia move,
2024) for flights. For current travel modes (bus, train, and airplane), waiting times, travel
times, costs, and service frequencies were based on official schedules and ticketing
systems (State Railway of Thailand 2024), ensuring that the comparison between HSR
and existing transport options was grounded in realistic and currently available travel
conditions rather than theoretical estimates. Access times were adjusted based on
mode-specific travel challenges, with longer access times for airports due to additional
processes such as security checks and check-in procedures. The final dataset was cross-
validated using historical travel data and user surveys to ensure plausibility and
consistency. By integrating actual scheduling, pricing, and travel time data for existing

transport modes, this approach ensured that the hypothetical scenarios closely
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mirrored real-world conditions, strengthening the reliability of the stated preference

experiment for forecasting potential travel mode shifts after HSR implementation.

This study analyzed five variables by comparing three modes of current public
transportation, with each variable defined at the same level and using two levels of
HSR. The full design comprises 96 choice sets, calculated from (3 x 1° x 2°). To reduce
complexity for respondents, the researcher used a fractional factorial design, dividing
the choice sets into eight subsets, with 12 choices per set. Each respondent evaluated
only 12 choice sets (Hensher, Rose, & Greene, 2015). This design maintained efficient

qualities such as level balance and minimized complexity in choices.

Table 3.1 Typical card from the SC sets.

Bus Train Airplane HSR
Variable Attribute
Levels Levels 1 Levels 2
Access time
ACCESS 10 10 30 10 15
(minute)
Waiting time
WAITING 15 10 120 15 10
(minute)
Travel time
TRAVEL 120 70 135 190 220
(minute)
COST Travel cost (bath) 750 300 3000 1050 1400
Frequency times
FREQ 30 150 120 190 220

(min)

3.3.2.2 Data Processing and Transformation

After collecting responses from the stated preference (SP) survey,
the data underwent a structured transformation process to create a dataset suitable
for machine learning analysis. This involved data cleaning, encoding categorical
variables, structuring choice sets, and formatting variables for model input. First,
responses were digitized and reviewed to remove incomplete or inconsistent entries,

ensuring data reliability. Key preprocessing steps included removing missing or
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contradictory responses, standardizing numerical values, and encoding categorical
variables to ensure compatibility with machine learning models.

Each respondent was presented with 12 choice sets, each containing four
travel modes: bus, train, airplane, and high-speed rail (HSR). Since 3200 respondents
participated, the final dataset consisted of 38,400 observations (3200 x 12). Each choice
set included attributes such as access time, waiting time, travel time, and travel cost,
which defined different travel conditions across modes. To prepare the dataset for
predictive modeling, categorical and numerical data were structured accordingly. The
dependent variable (Y) represented the chosen travel mode, converted into numerical
categories (1 = bus, 2 = train, 3 = airplane, 4 = HSR), while the independent variables
(X) included numerical values such as cost, waiting time, and travel time, which
remained unchanged, and categorical variables like gender, income level, and car
ownership, which were encoded using one-hot encoding or ordinal encoding as
required.

The dataset was structured such that each row corresponded to a specific
choice set presented to a respondent, with one mode being chosen (Y = 1) while
others were not chosen (Y = 0). For example, if a respondent selected train, the dataset
recorded train as Y = 1, while the other three modes were set to Y = 0. After
transformation, the final dataset contained 38,400 records, incorporating both travel
mode attributes and socio-demographic factors. To ensure robust model evaluation,
the dataset was split into 80% training and 20% testing sets, optimizing performance

assessment for machine learning algorithms.

3.4  Methodology
3.4.1 Multinomial Logit Model

The analysis is based on each option in the choice set offering passengers
identifiable benefits. The likelihood of a traveler selecting an option increases with the

utility gap between options. The multinomial logit (MNL) model is expressed as
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i) Zeuf (3-1)

where

P is the likelihood of selecting option i;

U; and U; are the utilities of options i and j;
J is the number of alternatives.

3.4.2 Machine Learning Model

Machine learning (ML) has revolutionized transportation mode choice
modeling, enhancing predictive accuracy and providing deeper insights into traveler
behavior, crucial for urban planning and policy-making. Studies in Bengaluru and
Chengdu confirm that ML models, such as random forests and XGBoost, outperform
traditional multinomial logit (MNL) models in accuracy (Ghosh & Nagaraj, 2024; Tang et
al,, 2024). Beyond transportation, ML has also surpassed traditional methods in
material production analysis (Bagherzadeh et al., 2023; Kazemi et al., 2024; Shafighfard,
Kazemi, Asgarkhani, et al., 2024). Additionally, SHAP analysis improves model
interpretability by identifying key decision factors, such as travel costs and
demographics (Dahmen et al.,, 2023; Tang et al,, 2024). Feature importance analysis
further enhances policy-making, and ML models exhibit greater sensitivity to policy

changes, as demonstrated in Alexandria City (Darwish et al., 2024).

Ensemble modeling has gained significant attention in machine learning
applications due to its ability to enhance prediction accuracy across various domains.
Tree-based techniques such as random forests, gradient boosting, and adaptive
boosting are widely used to build ensemble models, with recent research
demonstrating the effectiveness of hybrid ensembles that combine different ML
techniques to improve predictive performance (Basakin et al, 2022; Zouzou &

Citakoslu, 2023).
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Boosting algorithms, including XGBoost, LightGBM, and CatBoost, are
commonly applied in classification problems and transportation mode choice
modeling. XGBoost mitigates overfitting through regularization and second-order
derivatives, while LightGBM enhances speed and scalability using gradient-based one-
side sampling and leaf-wise tree growth. CatBoost, designed for handling categorical
data, employs random permutation techniques to reduce bias and overfitting. These
models have demonstrated high accuracy in complex datasets, reinforcing the

importance of advanced ensemble methods in ML.

Among these, CatBoost proves particularly effective for predicting
transportation mode choices, capturing nonlinear interactions between variables such
as travel cost, time, convenience, and socio-demographic  factors
(BusOnlineTicket.co.th, 2024). Its ability to process categorical data efficiently with
minimal preprocessing makes it ideal for transportation analysis (Xiaowei Li et al., 2024;
J. Yu et al, 2024; L. Zhu et al,, 2022; X. Zhu et al., 2024). By accurately modeling
complex travel behavior, these ensemble methods provide valuable insights for

transportation planning and policy development.

3.4.3 Categorical Boosting (CatBoost)

CatBoost is based on the Gradient Boosting Decision Tree (GBDT)
framework, introducing the level method to optimize data utilization and reduce
overfitting. Initially, all samples have equal weights, which adjust iteratively to
emphasize misclassified samples (Dorogush et al., 2018; Prokhorenkova et al., 2018).
This process continues until comprehensive training is achieved, enhancing model

performance (Pham et al., 2020; Zhai et al., 2023).

The algorithm uses a priority-based process to address gradient bias in
the traditional GBDT. It rearranges data samples through random permutations and
constructs multiple sub-models, processing data in varied sequences to mitigate
gradient estimation bias and improve generalization. Challenges include handling
imbalanced datasets, where underrepresented class prediction accuracy may decline
without proper parameter optimization—such as optimizing the step size, model

depth, and number of iterations. (G. Huang et al., 2019).



87

The key CatBoost components include target-based statistics metrics like
average target value per class. The algorithm constructs decision trees using boosting,
where each tree corrects its predecessor’s errors. Gradient calculations from the loss
function further refine predictions, improving overall model accuracy (Prokhorenkova

et al., 2018).The following formula is applied:

® (t1)
y, =y, +Nfx), (3-2)

N is the learning rank.

3.4.4. Shapley Additive Explanations (SHAP)

SHAP explains the predictions of complex models, like gradient boosting
machines, by showing how features affect outcomes. It addresses the “black box”
issue, improving model interpretability, performance, and reliability (Hong et al., 2016;
Lapuschkin et al., 2019; Mangalathu et al., 2020; Mao et al.,, 2021). SHAP values are
displayed in ranked diagrams, indicating each feature’s impact and direction on
predictions, with red and blue colors showing positive and negative effects,

respectively (Adland et al., 2021; Vega & Aznarte José, 2020).

The SHAP value uses this formula for calculation:

(n—|s| —1!
ka(vat)ZZSQN\{i}M(vaL(sU{i})—val(s)), (3-3)

n!

In this context, “val” represents the feature’s relevance to the
algorithm’s target and (P, (val) enotes the weighted sum of feature contributions to

s|iin—|s| — 1!
the target result across all feature combinations. The term & explains
n!

the weight of |s|, where val(s) is the expected value of |s|. Here, “n” is the total number

“_»

of features, “s” is a subset of the model features, and

Ky
|

indicates the vector of
feature values requiring interpretation (Adland et al,, 2021; Cascetta et al,, 2020;
Lundberg et al., 2020; Lundberg & Lee, 2017; Shafighfard, Kazemi, Bagherzadeh, et al,,
2024).
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This method determines the SHAP of all features through a linear aggregation

of standardized attributes. It appears as follows:

2(x)=\(x, )= Lpo+itptx; (3-4)

where n is the number of features and (P is the standard value for the
undefined features. For feature t, the SHAP value is represented by p , whereas xg
signifies the vector of the condensed input variables (Shafighfard, Kazemi, Bagherzadeh,

et al., 2024).

3.4.5. Market Share

Market share in public transportation refers to the proportion of users of
buses, trains, BTS, or ships compared to other modes such as private cars, motorcycles,
bicycles, or walking. It is crucial for evaluating the efficiency and attractiveness of public
transportation within an area or country. Factors affecting market share include
infrastructure accessibility, high service frequency, cost-effectiveness compared to
private cars, especially in congested cities, and travel time benefits during rush hours.
Increased environmental awareness and government policies promoting public

transportation also play significant roles (Ammar Abulibdeh, 2023).

Regarding market share measurement, this research references Lackner

and Zulehner (2020) as follows:

Revi N
MS & =—,
! ZReth (3-5)

Remark

MS, L is the market share of the sample traveling mode i in the year T,

Rev, . is the quantity of customers who use sample traveling mode i in the
year T;

Z:ReviT is the quantity of customers who use all traveling modes in year T.

i€l
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A high market share provides companies with greater market power (M.-W. Wu
& Shen, 2011), especially in incomplete competition markets (Y Wang, Sun, Mark-up, &
D, 2018).

3.4.6. Elasticity Analysis

Elasticity analysis characterizes the sensitivity of socioeconomic
characteristics and trip condition variables to shifts in mode choice through cross-
elasticity computations. The goal is to examine the relationship between the
probability of choosing a specific transportation mode for current and future selections

and the percentage of significant independent variables.

The socioeconomic traits of the passengers and circumstances of their
journeys were two important independent elements considered in this research, which

was connected to direct elasticity computations (Larranaga, Arellana, & Senna, 2017).
Briquia = 0, Ko (1 — R ) (3-6)

=—0 x p (3-7)

Pig,Xjkq k" ke Jg”?

Thus, given a marginal change (1% increase) in a particular variable Xio

relative to the base scenario, E, represents the elasticity of the choice probability

i, Xjkq

of the alternative i for the individual g (Pig) of selecting the Ai mode.

0isa constant, and EPiq)Xjk

. is the elasticity of the probability of selecting
the Ai mode, taking into account slight changes in the value of the th variable of the

alternative Aj for the individual g.

3.5 Results
3.5.1 Descriptive Analysis

Traveler data in Thailand was collected through self-administered
questionnaires from a total sample of 3200 respondents. After data collection, the
completeness and reliability of the data were extensively checked to ensure all

necessary questions were answered. Initial statistical calculations, such as mean,
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skewness, and kurtosis, were conducted to identify any abnormalities in the data

distribution (Table 3.2).

Table 3.2 Data results of the sample

Categorical

Variable Description Mean SD
Variable (%)
Switching the  Bus P high-speed rail 0.754
current mode  Train P high-speed rail 0.744 - -
to the HSR Airplane P high-speed rail 0.844
Male = 1 53.002
GENDER Female = 0 46.998 0.530 0.499
Total 100
Family members
10.006
There is one person = 1
There are two people = 2 19.387
HOUSEHOLD
. There are three people =3 27.829 3.154 1.165
IZE
There are four people = 4 30.801
There are more than four people = 5 11.976
Total 100
There are children in the family (age less
40.869
than 18 years old) = 1
CHILDREN There are no children in the family (age less 0.591 0.492
59.131
than 18 years old) = 0
Total 100
Less than 15,000 = 1 11.069
15,000-30,000 = 2 48.906
HOUSEHOLD
~ 30,001-45,000 = 3 28.268 3.009 0.915
INCOME
More than 45,000 = 4 11.757
Total 100
Have own car = 1 78.111
N_CARS Do not have their own car = 0 21.889 1.049 0.800
Total 100
Travel plan for study/work, Yes = 1 33.333
OBJ1 Other plans besides study/work = 0 66.667 0.333 0.471

Total

100
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Categorical

Variable Description Mean SD
Variable (%)
Travel plan for leisure/vacation
51.032
Yes =1
OBJ2 0.510 0.500
Other plans besides leisure/vacation = 0 48.968
Total 100
Travel plan for shopping
12.633
Yes =1
OBJ3 0.126 0.332
Other plans besides shopping = 0 87.367
Total 100
Frequency of travel across the provinces per
year
31.957
Frequency for travel across the provinces per
year: 1-3 times = 1
Frequency for travel across the provinces per
TRAVEL 30.894
year: 3-6 times = 2 2.279 1.138
FREQUENCY

Frequency for travel across the provinces per
14.415
year: 6-9 times = 3

Frequency for travel across the provinces per
22.733
year: more than nine times = 4

Total 100

Note: SD = standard deviation.

The survey indicates that HSR has strong potential to attract passengers from

existing travel modes. Notably, those who currently travel by buses (75.4%), trains

(74.4%), and airplanes (84.4%) are likely to switch to HSR. There is a demographic

variation in HSR preference, with males slightly more inclined to choose HSR than

females ( 53.002% and 46.998%, respectively) . Medium and large households,

particularly those with four members (30.801%), show the highest proportion of HSR

preference. Medium-income households (15,000-30,000 baht) also display the highest

proportion (48.906%). Thus, access to private cars in the sample is high at 78.111%,

affecting travel via HSR. The primary purpose of travel being leisure or tourism

(51.032%) underscores HSR’s role in facilitating interprovincial travel for various
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activities. Furthermore, the descriptive statistical analysis confirmed a normal
distribution, as the skewness (SK) values remained within the acceptable range of -3.0

to +3.0, while the kurtosis (KU) values did not exceed 10.0 (Champahom et al., 2023).
3.5.2 Statistical Analysis Verses of Machine Learning Modeling

This study utilizes three models to predict travel mode choice in
Thailand, employing 10-fold cross-validation to improve efficiency and address
overfitting and underfitting issues. The analysis contrasts the multinomial logit (MNL)
and CatBoost models, with CatBoost fine-tuned through hyperparameter optimization
to enhance performance. Specifically, Table 3.3 presents the optimized hyperparameter
values obtained using the Grid Search algorithm, where the tree depth was set to 6,
the total number of iterations to 700, the L2 penalty coefficient (12_leaf reg) to 1, and
the learning rate to 0.1. These values were selected to balance model complexity and
generalization ability, ensuring the best trade-off between predictive accuracy and
overfitting prevention. Additionally, the dataset was split into an 80:20 ratio for training
and testing, ensuring that the model was trained on a sufficiently large dataset while
preserving a validation set for robust performance evaluation.

A 10-fold cross-validation approach was employed, dividing the dataset
into 10 equal parts, with the model trained on nine parts and validated on the
remaining one, repeating the process across all sections. This method improves model
reliability by ensuring that performance metrics are averaged over multiple iterations,
reducing the risk of biased evaluation. Model performance was assessed using
accuracy, recall, precision, F1-score, and AUC, with averages computed for comparison,
as shown in Table 3.4.

To address class imbalance, under sampling techniques were applied,
particularly for overrepresented travel modes. This approach ensures that the model
does not disproportionately favor dominant classes, such as bus travel, while
improving its ability to distinguish minority classes, such as airplane and HSR users.
Additionally, SHAP analysis was performed to identify key factors influencing public
transportation mode choices, as illustrated in Figure 3.4. The results provide insights
into the most influential variables affecting travelers’ decisions, supporting policy

recommendations for optimizing Thailand’s transport system.
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Accuracy measures the proportion of correctly classified instances among the
total instances. It provides a general measure of model performance.

TP+ TN
Accuracy = (3-8)
TP + TN+ FP +FN

Recall quantifies the proportion of actual positive cases correctly identified by

the model. It is important when the cost of false negatives is high.

P
Recall (Sensitivity) = ——— (3-9)
TP +FN

Precision measures the proportion of correctly predicted positive cases
among all cases predicted as positive. It is particularly useful when the cost of false
positives is high.

TP

Precision = (3-10)

TP + FP
The Fl1-score provides a balance between precision and recall, particularly

useful in cases where the dataset is imbalanced. It is calculated using the harmonic
mean of precision and recall.
2TP

F1—Score =——mmmm (3-11)
2TP +FN+ FP

The AUC measures the model’s ability to distinguish between classes. It is
derived from the Receiver Operating Characteristic (ROC) curve, where a higher AUC
value indicates a better performing model.

1
AUC = —(Recall + Specificity) (3-12)
2

These meter values were calculated from a confusion matrix that featured
the following: TP is a true-positive rate; TN is a true-negative rate; FP is a false-

positive rate; and FN is a false-negative rate.
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Table 3.3 Hyperparameter values were extracted using the Grid Search algorithms for

CatBoost
Model Parameter Description Value
Depth Tree depth limit 6
Iterations Total iteration count 700
CatBoost
(2 leaf reg L2 penalty coefficient 1
learning rate Range for step size: [0, 1] 0.1

Table 3.4 Comparison of average evaluation metrics between the MNL and XGBoost

models

MNL Model CatBoost

Accuracy AUC Precision Recall F1-Score Accuracy AUC Precision Recall F1-Score

Total 0.700  0.749  0.689 0.848 0.853 0.832
Bus 0.499  0.129  0.204 0.790  0.490 0.600
Train  0.749 0.879 0.776 0948 0.854 0.853 0.948 0.800 0.530 0.640
Airplane 0.781 0.944 0.855 0.840  0.200  0.320
HSR 0.746 0978 0.846 0.860  0.970 0.910

The comparison between the multinomial logit (MNL) model and the CatBoost
model in Table 3.4 highlights CatBoost’s overall superiority in predicting travel mode
choices. The most critical performance metrics in assessing model effectiveness are
accuracy and AUC (area under the curve), as they indicate general predictive reliability
and the model’s ability to distinguish between travel modes. CatBoost significantly
outperforms MNL in both measures, achieving an accuracy of 0.853 and an AUC of
0.948, compared to MNL’s 0.749 and 0.879, respectively. Additionally, precision, recall,
and Fl-score are key indicators for class-specific performance, with Fl-score being
particularly crucial as it balances precision and recall, ensuring a model’s ability to
make consistent predictions across different travel modes. For high-speed rail (HSR)
travel, CatBoost achieves the best performance, with an F1-score of 0.910, precision of
0.860, and recall of 0.970, outperforming the MNL model, which records an F1-score
of 0.846, precision of 0.746, and recall of 0.978. This underscores CatBoost’s strength
in predicting HSR adoption, making it the most effective model for this mode. For bus

travel, CatBoost substantially outperforms MNL, achieving an F1-score of 0.600 (0.204
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for MNL), with higher precision (0.790, 0.499) and recall (0.490, 0.129). This suggests
that CatBoost captures bus travelers more accurately, significantly reducing
misclassification errors. For train travel, the MNL model exhibits better recall (0.948)
and F1-score (0.854) than CatBoost (recall of 0.530, F1-score of 0.640), despite CatBoost
having slightly higher precision (0.800, 0.776). This indicates that CatBoost misses a
considerable number of train users, making MNL the preferred model for this mode.
For airplane travel, MNL achieves a higher Fl-score (0.855) and recall (0.944) than
CatBoost, which, despite having a slightly better precision (0.840, 0.781), suffers from a
substantial drop in recall (0.200), leading to a much lower Fl-score (0.320). This
suggests that CatBoost struggles to capture airplane users effectively, likely
misclassifying them into other modes. Overall, CatBoost emerges as the superior model
for predicting travel mode choices, particularly for HSR and bus travel, where it
significantly enhances classification accuracy.

Figure 3.4 illustrates the significance of various features, determined by their
average absolute Shapley values. Features with hisher SHAP values have a greater
impact on public transportation mode choices in Thailand. The results highlight that
COST, FREQ, and WAITING are the most influential factors. While TRAVEL and ACCESS
also contribute to the predictions, their impact is relatively lower. Other variables,

such as HOUSE SIZE, FR_TRA, and MON_HOUSE, have progressively smaller effects.

Feature Importance in CatBoost Model (Sorted)
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Figure 3.4 Feature importance of using public transport by SHAP
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As presented in Table 3.5, the analysis of future travel mode preferences in comparison
to HSR identifies key factors influencing decisions among buses, trains, and airplanes.
Household size (HOUSE SIZE) positively correlates with travel mode selection,
indicating that higher-income households may prefer comfortable travel choices.
Conversely, household income (MON HOUSE) negatively impacts the likelihood of
selecting other modes, suggesting that households with greater financial resources
tend to be more likely to opt for HSR. Car ownership (N_CARS) decreases the likelihood
of selecting buses and trains but increases the probability of selecting airplanes.
Simulation results indicate that factors such as station approach duration, delay
intervals, monetary costs, journey length, and operational frequency significantly
influence the choice between buses, trains, airplanes, and HSR. Longer HSR access
times increase the probability of choosing other modes, with train usage increasing 3.3-
fold, followed by airplanes and buses. Lengthy HSR waiting times lead to a 66.7-fold
increase in train choice, whereas bus and airplane options decline, emphasizing the
importance of minimal waiting times for HSR adoption. When HSR travel times are
extended, passengers are much more likely to opt for airplanes (81.9-fold increase),
with train choice preference increasing 12.2-fold and bus preference decreasing. Rising
HSR costs lead to a significant increase in the train option (235.6-fold) as passengers
prioritize financial value, whereas the airplane option rises modestly (7.3-fold).
Conversely, higher HSR service frequency reduces the likelihood of choosing buses
(374.3-fold reduction), trains, and airplanes, indicating that frequent services attract
more passengers to HSR. The model’s statistical measures—Cox and Snell R Square
(0.221), Nagelkerke R Square (0.415), and McFadden R Square (0.328)—demonstrate its
efficiency in explaining results, highlighting the importance of cost, convenience, and
service features in determining travel mode preferences.

Comparative analysis shows that CatBoost outperforms the MNL model in
evaluating travel mode choices. Its ability to manage unbalanced data and miticate
overfitting is crucial for complex predictions. Additionally, CatBoost effectively
manages missing data and enhances the accuracy of travel mode predictions, even
when combined with sampling techniques. The SHAP analysis identifies key factors

influencing public transportation options in Thailand, with price being a significant
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factor in competition. Pricing strategies, such as accessible and flexible structures
including flat-rate tickets, can attract cost-sensitive passengers. Research reveals that
appropriate pricing not only increases public transportation usage but also decreases
private car dependency, alleviating congestion and pollution. A well-designed pricing
structure enhances the long-term sustainability and competitiveness of public
transportation against other travel modes (Bursa, Mailer, & Axhausen, 2022; Da Silva et
al,, 2022, Daganzo & Quyang, 2019; Jara-Diaz, Gschwender, & Horcher, 2023; Y. Liu,
Wang, & Xie, 2019).

Table 3.5 Model parameter estimates for using the HSR, future mode choice (HSR is

the reference)

Bus Train Airplane
Exp Exp Exp
B sE sk B sE s B sE sk
B B B
CONST 1.827* 0.730 0.012 6.215 -9.101 ** 0.794 0.001 0.001 -7.003 ** 1.029 0.001 0.001
GEN -0.063 0.043 0.138 0.938 -0.041 0.042 0.327 0938 0.038 0.050 0.477 1.038

HOUSE SIZE 0.399 **  0.022 0.001 1.490 0.332*  0.022 0.001 1.490 0.331* 0.026 0.001 1.392
CHIL_SIZE  -0.050  0.050 0.314 0.951 0.051 0.050 0.302 0.951 0.093 0.060 0.119 1.097

MON_HOUSE-0.172 ** 0.026 0.001 0.841 -0.097 ** 0.026 0.001 0.841 -0.139 ** 0.031 0.001 0.870

N_CARS -0.247 ** 0.031 0.001 0.781 -0.339 ** 0.031 0.001 0.781 0.073* 0.034 0.030 1.075
OBJ1 0.420 ** 0.148 0.004 1521 0.314*  0.140 0.025 1521  -0.429 ** 0.155 0.006 0.651
OBJ2 0.389 ** 0.146 0.008 1.475 0.280*  0.140 0.044 1.475 0.175 0.151 0.2d6 1.191
OBJ3 0.115 0.158 0.467 1.121 -0.182 0.153 0.232 0.833 -0.078 0.165 0.634 0.924
FR_TRA -0.259 ** 0.021 0.001 0.771 -0.279 ** 0.021 0.001 0.756 -0.136 ** 0.024 0.001 0.872

ACCESS 0.776 * 0311 0.012 2172 1.194* 0.312 0.001 3.300  0.797* 0.346 0.021 2.218

WAITING -6.546 ** 0.866 0.001 0.001 4.200 ** = 0.895 0.001 66.686 -6.520** 0.967 0.001 0.001
TRAVEL -13.470 **0.660 0.001 0.001 ~2500*¢ 0.669 0.001 12182 4.405** 0.975 0.001 81.859
COST -1.333** 0.278 0.001 0.263 5.462*¢ 0.271 0.001 235568 1.990** 0.426 0.001 7.315
FREQ 5925* 0.154 0.001 374.278-5.490 ** 0.173 0.001 0.004 0.802 0.459 0.081 2.229

Note: Reference is the HSR, * = p-value < 0.05, ** = p-value < 0.01. Cox and Snell R
Square: 0.221, Nagelkerke R Square: 0.415, McFadden: 0.328.

A well-organized service timetable is crucial for enhancing the competitiveness

of public transportation. Passengers value convenience, and systems with regular
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schedules and high service frequency better meet their needs, particularly during peak
hours or intercity travel. Research indicates that frequent services provide comfort and
encourage increased usage. Transportation systems that adjust schedules to match
demand, such as increasing service frequency during rush hours, become more
competitive by reducing waiting times and instilling confidence in passengers to plan
their trips efficiently. Effective timetable management gives transportation systems a
unique advantage over those with inconsistent or irregular schedules (Lachapelle &
Boisjoly, 2023; Orlando, Baquela, Bhouri, & Lotito, 2023; Tirachini, Godachevich, Cats,
Mufioz, & Soza-Parra, 2022).

Waiting time plays a crucial role in passenger satisfaction and retention. Shorter
waiting times enhance reliability and comfort, encouraging repeat usage. Passengers
who experience punctual schedules and minimal delays tend to develop positive
attitudes toward the transportation system, leading to continued patronage. Efficiently
managing waiting times is thus a critical competitive advantage (Drabicki, Cats,
Kucharski, Fonzone, & Szarata, 2023; Lachapelle & Boisjoly, 2023; Shelat, Cats, & van
Cranenburgh, 2022).

Travel time is crucial for public transportation’s competitiveness. Passengers
prioritize fast, efficient travel that minimizes delays and ensures punctuality. Systems
providing shorter and more reliable travel times are highly appealing to frequent
travelers and those aiming to reduce their daily commute. Studies show that
decreasing travel time and enhancing service reliability significantly enhance passenger
satisfaction and encourage repeat usage. Reliable services reduce stress and create a
positive travel experience, reinforcing the system’s reputation as a dependable option.
Transportation systems that effectively manage both travel time and punctuality gain
a competitive advantage and attract more passengers (Esfeh, Kattan, Lam, Esfe, & Salari,
2020; Lee, Kawakita, Huai, Lo, & Zhang, 2024; Zang, Xu, Qu, Chen, & Chen, 2022).

Access time to stations is a critical factor in public transportation decisions.
Passengers are more inclined to use public transportation if station access is easily
accessible and time-efficient. Systems with well-distributed stations covering a wide
range of areas and providing easy access have a competitive advantage. These systems

cater to passengers seeking fast, comfortable travel and help reduce private car usage
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(He, Zhao, & Tsui, 2018; Xinghua Li et al., 2022; Soczéwka, Ktos, Zochovvska, & Sobota,
2021; Tanwar & Kumar Agarwal, 2024). Key determinants of public transportation
choices include household size, intercity travel frequency, household income, and
vehicle ownership. Lu, Prato, Sipe, and Corcoran (2023) found that larger households
use public transportation more often due to the high cost and inconvenience of
traveling together by private vehicle. Providing eroup fares and designing systems with
convenient access can make public transportation more appealing to larger
households. Frequent city travelers prioritize affordable costs, efficient travel times,
and frequent schedules (Banyong et al, 2024; Y. Huang et al, 2014). Public
transportation is often relied upon by low-income households, whereas high-income
households prioritize time savings and are willing to pay for comfort and speed.
Binsuwadan, Wardman, de Jong, Batley, and Wheat (2023) found a direct relationship
between income levels and the perceived value of time savings, leading high-income
passengers to opt for faster transportation modes. Moreover, households with more
vehicles tend to prefer private transport, which necessitates strategies such as value-
based pricing, increased service frequency, and reduced waiting times to encourage
public transport usage (Ibraeva & Sousa, 2014).

The CatBoost model highlights several key factors influencing the adoption of
high-speed rail (HSR), particularly price, service rounds, waiting time, travel time, and
access time. Price is a major factor, as travelers are willing to pay more for time
savings—especially for longer trips—with studies showing that in Mumbai, travelers are
prepared to pay over 300 INR for each hour saved, and in Italy, they are willing to pay
40% more for HSR tickets (Carteni et al.,, 2017; Karmarkar et al.,, 2023). In addition,
short service rounds contribute to more frequent departures, thereby reducing waiting
times and enhancing overall operational efficiency, which in turn boosts passenger
convenience and satisfaction. Furthermore, reduced waiting times are linked to
improved perceptions of service quality; for example, in China, HSR services have been
shown to reduce travel times by an average of 10 h, with even more significant benefits
in less developed regions (L. Liu & Zhang, 2018). Travel time itself is a critical factor, as
the substantial time savings offered by HSR compared to conventional modes of

transport can heavily influence passengers’ choices, particularly during peak hours
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[103-105]. Similarly, access time to HSR stations is vital; improvements in station
accessibility—especially when integrated with efficient public transit—enhance the
overall travel experience and make HSR a more attractive option in larger cities
(Yongsheng Zhang et al., 2024; Zhou et al., 2020). Ultimately, these factors collectively
enhance the appeal of HSR services, making them a competitive and cost-effective

option for travelers.
3.5.3 Market Share Shifts in Public Transportation

Table 3.6 illustrates the current and projected market share for public
transportation modes in Thailand, including the adoption of HSR. When considering
the current market share, the bus has the highest share at 78.25%, airplanes at 14.289%,
and trains at 7.47%. However, with the introduction of HSR, significant shifts are
anticipated: bus usage is expected to drop to 4.76%, train usage to 5.11%, and airplane
usage to 1.22%. HSR is predicted to have a high market share of 88.91%. This trend

indicates a future shift toward HSR among public transportation users in Thailand.

Table 3.6 Market share of public transportation mode choice in Thailand (2029)

Current Market Share Transition to the Predicted Market Share

Mode
(%) HSR (%)
Bus 78.25 59.82 a.76
Train 7.47 57.98 511
Airplane 14.28 84.55 1.22
HSR 0 0 88.91

Market share predictions indicate that HSR will dominate intercity travel
once launched, capturing 88.91% of the market, whereas buses, trains, and airplanes
will decrease to 4.76%, 5.11%, and 1.22%, respectively. This shift highlights passengers’
high expectations for HSR’s speed, comfort, and safety compared to traditional modes.
HSR’s ability to significantly reduce travel time, particularly for long distances, aligns
with travelers’ demands for rapid and reliable services (H. Wang & Huang, 2024).
Passengers expect HSR to save time and enable confident trip planning. Features such
as spacious seating, onboard amenities, and consistent service further enhance its

appeal. HSR also offers direct travel to destinations, avoiding the connectivity issues
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often faced with buses and airplanes. Additionally, passengers perceive HSR to provide
superior safety standards compared to other modes, reinforcing its attractiveness
(Anagnostopoulos, 2024). Lastly, fare expectations are crucial; passengers expect HSR
fees to reflect service quality, balancing speed, convenience, and cost, making HSR an

appealing option for future travel (Hu, Huang, Gao, & Lin, 2023; Meesit, 2024).

Table 3.7 Market Share of Public Transportation Mode Choice in Thailand (2029)
Estimated Using the Multinomial Logit Model

Current Market Share Transition to the Predicted Market Share

Mode
(%) HSR (%)
Bus 78.25 55.72 13.89
Train 7.47 77.31 5.33
Airplane 14.28 84.50 4.34
HSR 0 0 76.44

Table 3.7 reports the projected market shares of public transportation modes
in Thailand for 2029 under the HSR introduction scenario, as estimated by the
Multinomial Logit (MNL) model. The MNL results indicate that, following the
deployment of HSR, the predicted market shares would be 13.89% for buses, 5.33%
for conventional trains, 4.34 % for air transport, and 76.44% for HSR. The transition
matrix shows that the highest shift is expected from air passengers (84.50%) and train
passengers (77.31%) to HSR, while more than half of bus passengers (55.72%) would
also convert to the new mode. In contrast, the CatBoost-based estimation yields a
markedly higher predicted HSR market share of 88.91%, with substantially lower post-
HSR shares for buses (4.76%), trains (5.11%), and airplanes (1.22%). This divergence
highlights that the CatBoost model anticipates a more pronounced substitution effect
toward HSR, particularly from bus and air segments. Two methodological
considerations may explain these differences. First, the MNL model is constrained by
the Independence of Irrelevant Alternatives (IIA) property, which imposes proportional
substitution patterns and may underrepresent asymmetric mode shifts when
introducing a new alternative. Second, the CatBoost algorithm, as a gradient boosting

decision tree method, flexibly captures complex, non-linear relationships, higher-order



102

interactions between explanatory variables, and heterogeneous traveler preferences
across market segments. These capabilities allow CatBoost to identify stronger and
more targeted substitution effects that MNL may not detect, particularly when mode

attractiveness changes are non-proportional.

While both approaches predict that HSR will dominate the intercity travel
market after its introduction, the magnitude of the shift differs considerably. The
findings underscore the value of complementing traditional discrete choice modeling
with advanced machine learning methods to capture nuanced behavioral responses
and improve the robustness of market share forecasts in large-scale transportation

policy evaluations.

3.5.4 Elasticity Analysis and Strategic Adaptations in Response to High-
Speed Rail

The direct and cross-elasticity analysis evaluates how changes in key
variables influence the probability of travel mode choices, specifically in relation to
HSR (HSR). According to Table 3.8, the cost of HSR is a significant factor. A 1% increase
in HSR costs reduces HSR usage by 1%, reflecting passensgers’ sensitivity to price.
Conversely, if the costs of buses, trains, or airplanes increase by 1%, HSR usage rises,
with airplane costs showing the greatest impact, increasing HSR usage by 16.2049%,
followed by buses (9.889%) and trains (9.478%). Service frequency has a clear positive
relationship with HSR choice. A 1% increase in HSR waiting time reduces its usage by
1%. Meanwhile, increases in the service frequency of buses, trains, or airplanes lead to
greater HSR adoption. Specifically, airplane service frequency caused a 16.230% rise in
HSR usage, highlighting passengers’ preference for HSR under competitive conditions.
Waiting time is another crucial factor. A 1% increase in HSR waiting time reduces HSR
usage by 1%. Conversely, longer waiting times for other modes, especially airplanes
(16.154%), significantly increased HSR usage, followed by buses (9.858%) and trains
(9.447%). Similarly, travel time impacts mode choice; a 1% increase in HSR travel time
reduces HSR usage by 1%, but longer travel times for airplanes (15.796%), buses
(9.632%), or trains (9.230%) encourage passengers to switch to HSR. Station access time

also affects HSR usage. A 1% increase in HSR access time reduces its usage by 1%,
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while more difficult access to airplanes (15.082%), buses (9.180%), or trains (8.795%)
drives passengers toward HSR due to its comparative convenience.

Social and economic factors, including household size, number of
companions, income, and car ownership, significantly influence HSR usage. Larger
households increase HSR adoption by 1%, particularly as airplane households grow
(13.400%). Similarly, more companions boost HSR usage by 1%, especially for group
travelers who find airplanes less suitable (14.637%). Higher household income
increases HSR usage by 1%, with a notable 14.239% rise when air travel costs escalate.
Additionally, a higher number of cars leads to a 1% increase in HSR usage, with airplane
households showing a 14.934% rise in HSR adoption when travel costs increase.

The elasticity results provide crucial insights into demand responses and competitive
dynamics with the introduction of a new transportation mode. These findings help
transport planners assess demand shifts and develop strategies to promote HSR

adoption while maintaining a balance with existing modes.

Table 3.8 Elasticity analysis

Variable Mode Bus Train Airplane HSR
Bus 1.00 0.239 -0.978 9.889
Train -0.943 1.00 -0.978 9.478
COST
Airplane -0.906 0.958 1.00 16.204
HSR -0.993 -0.870 -0.997 1.00
Bus 1.00 -0.988 -0.878 9.906
Train 0.126 1.00 -0.883 9.494
FREQ
Airplane 0.849 -0.982 1.00 16.230
HSR -0.877 -0.998 -0.987 1.00
Bus 1.00 -0.038 -0.910 9.858
Train -0.710 1.00 -0.914 9.447
WAITING
Airplane -0.524 0.518 1.00 16.154
HSR -0.968 -0.899 -0.990 1.00
Bus 1.00 -0.406 -0.348 9.632
TRAVEL Train -0.679 1.00 -0.373 9.230

Airplane -0.473 -0.062 1.00 15.796




Table 3.8 Elasticity analysis (Continued)
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Variable Mode Bus Train Airplane HSR
HSR -0.965 -0.937 -0.931 1.00
Bus 1.00 -0.016 -0.947 9.180
Train -0.042 1.00 -0.949 8.795
ACCESS
Airplane 0.571 0.553 1.00 15.082
HSR -0.895 -0.896 -0.994 1.00
Bus 1.00 0.134 -0.218 8.115
Train 0.134 1.00 -0.248 7.770
HOUSE SIZE
Airplane 0.862 0.792 1.00 13.400
HSR -0.876 -0.881 -0.918 1.00
Bus 1.00 -0.118 -0.425 8.898
Train -0.176 1.00 -0.447 8.523
FR_TRA
Airplane 0.351 0.393 1.00 14.6374
HSR -0.910 -0.907 -0.939 1.00
Bus 1.00 0.020 -0.403 8.646
Train -0.088 1.00 -0.426 8.281
MON_HOUSE
Airplane 0.496 0.611 1.00 14.239
HSR -0.900 -0.893 -0.937 1.00
Bus 1.00 -0.199 -0.435 9.086
Train -0.269 1.00 -0.456 8.704
N_CARS
Airplane 0.199 0.264 1.00 14.934
HSR -0.920 -0.916 -0.940 1.00

The elasticity analysis highlishts HSR’s ability to draw passengers and maintain

a competitive advantage over other travel modes by leveraging key factors that

influence passenger options. These factors include pricing, service frequency, waiting

times, travel duration, station accessibility, and socioeconomic. HSR demonstrates a

high sensitivity to price fluctuations, with passengers more inclined to switch to HSR

when it offers competitive fares. Interestingly, when air travel costs increase,

passengers often prefer HSR, finding it to be a more economical alternative (C. Jiang &
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Wang, 2021; Ma, Wang, Yang, Zhang, & Zhang, 2019; Raturi & Verma, 2020; Xia, Jiang,
Wang, & Zhang, 2019). HSR shines in its service frequency, providing consistent and
frequent services that align with passenger expectations for convenience and reliability.
This makes HSR a preferred choice for structured travel plans. Additionally, reduced
waiting times give HSR a notable advantage over other modes, including airplanes and
buses. Passengers value punctuality and swift service, making shorter waiting times a
critical factor in their travel decisions (Nurhidayat et al., 2023; Yuan et al., 2021). HSR’s
ability to minimize travel time and ensure efficiency, particularly for long-distance trips,
further enhances its attractiveness. It offers a considerable reduction in travel time
compared to buses and trains, highlighting its value and comfort. Additionally, the ease
of station access and the presence of conveniently located stations improve passenger
satisfaction, making HSR a preferred option (P. Chen, Zhang, & Gao, 2024, Pan, 2024;
Wei, Wang, Li, & Li, 2024).

The elasticity analysis Table 3.7 highlights key factors influencing HSR adoption,
particularly the sensitivity of passengers to fare changes, waiting time, travel time, and
access time. These findings provide critical insights for policymakers in designing
effective pricing strategies, prioritizing infrastructure investments, and optimizing service
operations to maximize ridership while maintaining financial sustainability.

The results indicate that HSR demand is highly elastic with respect to fare
changes, meaning that even small price reductions can significantly increase ridership.
However, indiscriminate fare reductions may negatively impact long-term revenue
sustainability, particularly given the high capital and operational costs of HSR
infrastructure. Policymakers must balance affordability with financial viability through
dynamic pricing strategies, such as time-based pricing models that reduce off-peak
fares to encourage travel during low-demand periods, improving seat utilization.
Additionally, subscription-based and loyalty programs can offer discounts for frequent
travelers while ensuring stable revenue streams, and tiered service pricing can provide
different levels of comfort (e.g., economy vs. premium) to cater to diverse passenger
needs without compromising overall profitability. To maintain financial sustainability,
these pricing strategies must be data-driven and responsive to passenger behavior,

ensuring that HSR remains attractive while covering operational costs. A comprehensive
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pricing model could integrate machine learning techniques to dynamically adjust fares
based on demand fluctuations, enhancing efficiency and revenue management.

The elasticity results also show that station access time is a significant
determinant of HSR adoption, suggesting that improvements in accessibility could lead
to substantial increases in ridership. Long access times deter potential users, making it
essential to integrate HSR with other transport networks seamlessly. Policymakers
should consider enhancing first-mile and last-mile connectivity through dedicated
feeder buses, metro linkages, and pedestrian-friendly infrastructure such as skywalks
and bicycle lanes. Strategic station placement is also crucial, ensuring that HSR stations
are conveniently located in key urban centers or near existing transport hubs to
minimize transfer times. Furthermore, smart infrastructure investments, such as real-
time travel information systems and multimodal journey planning apps, can improve
the overall passenger experience and reduce perceived inconvenience. Reducing
station access time does not only increase ridership but also fosters multi-modal
integration, enhancing the competitiveness of HSR as part of a broader, well-connected
transport ecosystem.

In addition to pricing and station access, the analysis highlights that waiting time
significantly influences passenger decisions, emphasizing the need to minimize delays
and improve service efficiency. Longer waiting times discourage usage, particularly for
time-sensitive travelers, necessitating strategies such as increasing service frequency
during peak hours to ensure minimal waiting time and reducing congestion at stations.
Synchronizing schedules with other transport modes, such as buses, local trains, and
metro systems, can enable smooth transfers and reduce total travel time. Additionally,
implementing flexible ticketing systems that allow passengers to modify bookings with
minimal penalties can increase confidence in HSR reliability. By optimizing service
design, HSR can compete more effectively with alternative transport modes,
particularly short-haul flights and long-distance buses, where schedule reliability is a
key factor in passenger choice.

The elasticity results underscore the importance of balancing affordability,
convenience, and financial sustainability in HSR planning. While lowering fares or

improving station access can significantly increase ridership, these decisions must be
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weighed against the need for cost recovery and long-term viability. Infrastructure
investments should be strategically aligned with demand patterns, ensuring that
improvements generate tangible benefits in terms of increased passenger uptake. A
holistic transport policy integrating HSR with existing transport modes through
multimodal ticketing systems, optimized scheduling, and infrastructure enhancements
will be essential in ensuring that HSR contributes to a sustainable, efficient, and
inclusive public transport system in Thailand. Future research should explore the real-
world impact of these policy measures, using empirical data to refine strategies that
enhance both ridership and operational efficiency in a competitive transport
landscape.

While the projected market share shifts suggest a significant decline in the usage
of buses, trains, and airplanes following the introduction of HSR, it is crucial to explore
how existing transport providers might respond strategically to mitigate ridership losses
and retain competitiveness. Rather than viewing HSR as a direct competitor, incumbent
transport modes can implement targeted counterstrategies to maintain market
relevance and adapt to changing travel dynamics. These adaptations can be broadly
categorized into fare adjustments, service frequency enhancements, route
optimization, and multimodal integration, all of which align with sustainable transport
planning principles.

One of the primary responses available to existing transport operators is
implementing competitive and flexible pricing strategies. Bus and train operators may
introduce dynamic fare adjustments, offering discounted off-peak pricing, seasonal
promotions, or bulk ticketing options (e.g., monthly or annual passes) to attract cost-
sensitive travelers. Airlines, facing substantial competition from HSR on short-haul
routes, might leverage frequent flyer programs, promotional fares, and bundled
services (such as flight-and-hotel packages) to retain business and leisure passengers
who prioritize speed and convenience. Additionally, transport operators could
introduce fare integration mechanisms, where passengers receive discounts when using
multiple modes (e.g., bus + HSR), making multimodal travel more appealing.

Increasing service frequency and optimizing operational efficiency can serve as

key countermeasures to offset passenger migration to HSR. Bus operators may increase
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express services on high-demand corridors or introduce premium services with added
comfort and direct connectivity to urban centers. Similarly, regional and intercity rail
services can adjust their schedules to provide more frequent departures, particularly
in areas where HSR is not expected to have full coverage. Airlines may increase flight
frequency on medium-to-long-haul routes, where HSR is less competitive, to focus on
segments where speed and convenience remain a priority. Additionally, transport
providers could explore technological advancements such as real-time scheduling, Al-
driven demand forecasting, and digital ticketing systems to enhance passenser
experience and reduce inefficiencies.

Rather than competing directly, existing transport providers can reposition their
services to complement HSR and leverage network integration to sustain ridership
levels. Bus operators can shift their focus toward feeder routes that provide first-mile
and last-mile connectivity to major HSR stations, ensuring passengers from smaller
towns and rural areas can seamlessly access high-speed rail services. Likewise,
conventional rail networks could realign their services to operate as secondary intercity
connections, synchronizing schedules with HSR departures and arrivals to facilitate
seamless multimodal transfers. Airlines, facing declining demand on short-haul
domestic routes, may pivot towards expanding regional and international connectivity,
focusing on flights where HSR cannot serve as a viable substitute.

To ensure a balanced and sustainable transition within the transportation
sector, policymakers should consider strategies that promote cooperation rather than
competition between HSR and existing transport modes. Integrated ticketing systems,
where passengers can book a single ticket covering multiple transport modes (e.g., HSR
+ bus or train), would improve accessibility and encourage multimodal travel.
Additionally, investment in multimodal transport hubs—where bus, train, and HSR
services are co-located—can enhance transfer efficiency and reduce travel friction.
Targeted government subsidies or incentives for bus and train operators that provide
crucial feeder services to HSR stations could help maintain equitable transport access,
particularly in rural and underserved regions.

Beyond infrastructure investments, regulatory frameworks should also be

adapted to support transport providers in adapting their business models to align with
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evolving passenger needs. Encouraging innovation through public—private partnerships
(PPPs), digital transformation initiatives, and mobility-as-a-service (Maa$S) platforms can
further integrate various transport modes into a cohesive and user-friendly network. By
fostering an ecosystem where HSR enhances rather than disrupts existing transport
services, Thailand can achieve a more efficient, resilient, and sustainable transportation
landscape.

In summary, while HSR is poised to become the dominant intercity travel
mode, buses, trains, and airlines still have viable pathways to retain market share
through targeted strategic adaptations. Fare adjustments, service frequency
enhancements, and route optimization—when combined with integrated transport
planning and supportive government policies—can ensure that all transport modes
coexist and contribute to a well-connected mobility network. Future research should
assess the effectiveness of these adaptation strategies through empirical case studies,
evaluating how various transport operators adjust their services in response to HSR’s

real-world impact.

3.6 Conclusions and Policy Implications

This study investigates the impact of HSR on Thailand’s public transportation
market and evaluates the effectiveness of the CatBoost and MNL models in predicting
factors influencing travel mode choices. The results indicate that HSR has the potential
to significantly change passenger travel behavior in Thailand. CatBoost outperformed
MNL in terms of accuracy (0.853 vs. 0.749) and AUC (0.948 vs. 0.879). Additionally,
precision, recall, and F1-scores for CatBoost were 0.848, 0.853, and 0.832, respectively,
demonstrating its ability to analyze complex travel behaviors. In contrast, MNL
recorded lower values for precision (0.700), recall (0.749), and Fl-score (0.689),
indicating its comparatively lower predictive performance in capturing travel mode
choice patterns. SHAP analysis identified key factors influencing mode choice, including
cost, service frequency, waiting time, travel time, access time, household size, intercity
travel frequency, income, and car ownership. Market share predictions indicated that
HSR will dominate with 88.91%, drawing passengers from buses (78.25-4.76%), trains
(7.47-5.11%), and airplanes (14.28-1.22%), showing a strong preference for HSR in
Thailand.
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Several key factors drive the shift from buses, trains, and airplanes to HSR,
including cost, service frequency, waiting time, travel time, and station access time. A
1% increase in HSR costs leads to a 1% decrease in usage, while fare increases for
buses, trains, or airplanes drive passengers toward HSR, with airplane fare hikes having
the greatest effect (16.204%). Similarly, a 1% increase in HSR service frequency boosts
usage by 1%, while higher airplane service frequency further enhances HSR’s appeal
(16.230%). Passengers are highly sensitive to waiting times; a 1% increase in HSR waiting
time results in a 1% decline in usage, while longer waiting times for airplanes, buses,
or trains significantly boost HSR adoption, particularly for airplanes (16.154%). Travel
time follows the same pattern, where longer HSR travel times reduce usage by 1%,
whereas increased travel times for competing modes increase HSR adoption, with
airplanes exerting the strongest influence (15.796%). Station access time also plays a
crucial role; a 1% increase in HSR access time reduces usage by 1%, while more difficult
access to airplanes, buses, or trains pushes passengers toward HSR, with airplanes
having the greatest impact (15.082%). These findings highlight the importance of
optimizing HSR pricing, frequency, and accessibility to maximize passenger adoption,
ensuring it remains a competitive and attractive travel alternative.

These findings highlight the transformative potential of HSR in Thailand and
provide key insights for planning and expansion before its launch. To ensure successful
adoption, policymakers should focus on stratesic pricing, high service frequency,
waiting time management, and improved station access. Competitive fares, discounts,
loyalty programs, and integrated travel solutions can encourage early adoption.
Enhancing station accessibility, efficient booking systems, and multimodal connectivity
will further strengthen passenger confidence. Public awareness campaigns and trial
services can facilitate smoother transitions. To retain market share, buses, trains, and
airplanes should emphasize their unique advantages through competitive pricing,
enhanced service quality, and improved accessibility. Strategies such as discounted
fares, expanded service frequency, reduced waiting times, and superior onboard
amenities can attract passengers. Integrated ticketing and multimodal partnerships will

also be crucial in ensuring long-term competitiveness. These strategies will help
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optimize Thailand’s transportation landscape, balancing HSR adoption with the

sustainability of existing travel modes.

3.7 Limitations and Further Research

This study relies on simulated data and public sector estimates for key high-
speed rail (HSR) parameters, including travel time, cost, and waiting time, as actual
infrastructure is not yet operational. While this approach is necessary given the current
lack of real-world HSR data, it introduces potential biases and uncertainties that may
impact the accuracy of market share predictions. The assumed values for travel
parameters may not fully capture the actual passenger experience once the HSR
system is implemented, potentially leading to deviations in projected ridership
patterns.

One major limitation is the reliance on publicly available estimates for travel
attributes, which may not precisely reflect future operational conditions. Real-world
travel behavior is influenced by additional factors such as dynamic pricing strategies,
service disruptions, infrastructure delays, and passenger perception of comfort and
convenience, all of which are difficult to account for in a simulated environment.
Moreover, the study assumes a static competitive landscape, whereas existing
transport modes (buses, trains, and airlines) may adjust their pricing, service frequency,
or promotional strategies in response to the introduction of HSR, affecting market
dynamics in ways not captured by the current model.

To enhance the reliability of these findings, future research should incorporate
post-implementation validation using actual passenger data once the HSR service is
operational. Collecting empirical data on passenger preferences, travel times, real
ticket prices, and service frequency will allow for a more precise assessment of HSR’s
impact on travel behavior and market share. Comparative analyses between predicted
and observed market trends will help refine forecasting models and improve their
applicability for future infrastructure projects.

Additionally, conducting a sensitivity analysis would strengthen the robustness
of these projections. By systematically varying key input parameters—such as
increasing or decreasing ticket prices by 10%, adjusting waiting times by +5 min, or

modifying travel times based on potential congestion or delays—it would be possible
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to assess how fluctuations in travel conditions influence market share predictions. This
approach would provide a confidence interval around the estimated adoption rates
and offer insights into the stability of the findings under different operational scenarios.
Further integration of probabilistic modeling techniques or Monte Carlo simulations
could help account for uncertainties in future travel conditions and improve the
predictive power of the study. Beyond these methodological improvements, future
research should also consider the long-term behavioral adaptation of travelers. Initial
ridership patterns may differ significantly from long-term adoption trends, as
passengers gradually adjust their habits in response to HSR availability. Investigating
how habit formation, word-of-mouth recommendations, and social influence
contribute to sustained mode shifts could provide a more comprehensive
understanding of HSR’s long-term market position. Despite these limitations, the study
presents valuable preliminary insigshts into the transformative potential of HSR in
Thailand. By understanding potential adoption trends and market share projections,
policymakers and transportation planners can design more informed strategies for
infrastructure development. Future studies should integrate real-world data, more
sophisticated modeling techniques, and behavioral research methodologies to refine
these findings further. By doing so, decision-makers can develop more effective policies
and investments that align with passenger needs and optimize the role of HSR within

the broader transportation network.
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CHAPTER IV
MACHINE LEARNING-BASED ANALYSIS OF TRAVEL MODE
PREFERENCES: NEURAL AND BOOSTING MODEL COMPARISON
USING STATED PREFERENCE DATA FROM THAILAND’S EMERGING
HIGH-SPEED RAIL NETWORK

4.1 Abstract

This study examines travel mode choice behavior within the context of
Thailand’s emerging high-speed rail (HSR) development. It conducts a comparative
assessment of predictive capabilities between the conventional Multinomial Logit
(MNL) framework and advanced data-driven methodologies, including gradient
boosting algorithms (Extreme Gradient Boosting, Light Gradient Boosting Machine,
Categorical Boosting) and neural network architectures (Deep Neural Network,
Convolutional Neural Network). The analysis leverages stated preference (SP) data and
employs Bayesian optimization in conjunction with a stratified 10-fold cross-validation
scheme to ensure model robustness. CatBoost emerges as the top-performing model
(area under the curve = 0.9113; accuracy = 0.7557), highlighting travel cost, service
frequency, and waiting time as the most influential determinants. These findings
underscore the effectiveness of machine learning approaches in capturing complex
behavioral patterns, providing empirical evidence to guide high-speed rail policy
development in low- and middle-income countries. Practical implications include
optimizing fare structures, enhancing service quality, and improving station accessibility

to support sustainable adoption.

4.2  Introduction
In recent decades, Thailand has experienced rapid urbanization, resulting in a

substantial increase in travel demand. This surge has led to congestion in public
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transportation systems and a growing reliance on private vehicles. High-speed rail (HSR)
has emerged as a key solution to address these issues, offering the potential to
significantly reduce travel times, enhance intercity connectivity, and promote
economic development across various regions (Corinne Blanquart & Martin Koning,
2017; Liang et al.,, 2020; W. Wu, Liang, & Wu, 2016). In Thailand, collaboration with
China on the development of HSR is expected to substantially reshape the nation’s
transportation landscape by providing an alternative to private cars, intercity buses,
and air travel (K. Tissayakorn, 2021).

The development of HSR also aligns with Thailand’s commitments under the
Sustainable Development Goals (SDGs), particularly SDG 9, which focuses on building
resilient infrastructure; SDG 11, aimed at making cities inclusive, safe, resilient, and
sustainable; and SDG 13, which calls for urgent action to combat climate change and
its impacts. HSR development is not only anticipated to reduce reliance on fossil fuels
but also to foster sustainable urban connectivity and mitigate carbon emissions from
long-distance transportation (Office of the National Economic and Social Development
Council, 2025). Furthermore, the Thai government has incorporated HSR into its
National Action Plan for advancing the SDGs, positioning the rail network as a crucial
strategy for reducing infrastructure disparities and promoting inclusive growth
nationwide.

From an infrastructure perspective, Thailand is currently undertaking the
construction of four major HSR lines—the northern, eastern, northeastern, and
southern corridors—designed to enhance economic development, trade, tourism, and
regional connectivity. A particularly significant project is the Thai-Lao—Chinese HSR, a
collaboration between the Thai and Chinese governments. This line will connect
Bangkok’s Bang Sue Grand Station with Laos and onward to China, spanning
approximately 377 miles across eight provinces through eleven stations. The project is
divided into two phases: the Bangkok-Nakhon Ratchasima section (155 miles), currently
under construction, and the Nakhon Ratchasima—Nong Khai section (222 miles), which
will link to China’s HSR network via Laos. Full completion is expected by 2030 (JTTRI-
AIRO, 2023; State Railway of Thailand, 2020). This project is anticipated to significantly
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influence intercity travel behavior and attract users away from private vehicles and
low-cost airlines.

Nevertheless, predicting travel mode choice in response to HSR introduction
remains challenging due to the complex interplay of factors such as travel time, cost,
station accessibility, waiting time, and service frequency (Yajuan Deng et al,, 2023; L.
Liu & Zhang, 2018; Jiangiang Wang et al., 2023; Yang et al.,, 2022; Yongsheng Zhang et
al,, 2024; Zhou et al., 2020). Traditionally, travel mode choice modeling has been
grounded in the Random Utility Maximization (RUM) framework, with the Multinomial
Logit (MNL) model serving as the dominant tool due to its theoretical rigor, ease of
interpretation, and suitability for analyzing both individual-specific and alternative-
specific variables (Akter & Alam, 2024; Moshe E Ben-Akiva & Steven R Lerman, 1985;
Ning et al., 2021; Torok, Szalay, Uti, & Verebélyi, 2020). However, MNL models suffer
from several limitations, including the Independence of Irrelevant Alternatives (IIA)
assumption, limited capacity to capture nonlinear relationships, and reduced
predictive performance when dealing with high-dimensional or correlated datasets.

To overcome these limitations, extensions such as the Nested Logit (NL), Cross-
Nested Logit (CNL), and Mixed Logit (ML) models have been developed, offering
improved behavioral flexibility (Akter & Alam, 2024; Moshe E Ben-Akiva & Steven R
Lerman, 1985; Ning et al., 2021; Torok et al., 2020). Nevertheless, these models still
require predefined functional forms and often involve considerable computational
complexity. Recent advancements in machine learning (ML) and deep learning (DL)
offer promising alternatives, capable of capturing complex, nonlinear relationships
without assuming specific functional forms. Ensemble tree methods, such as Random
Forest, Extreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine
(LightGBM), and Categorical Boosting(CatBoost), have proven to deliver superior
predictive performance in travel mode choice applications (Ammar Abulibdeh, 2023;
T. Chen & Guestrin, 2016; Jenny Diaz-Ramirez et al, 2023, Ke et al, 2017;
Prokhorenkova et al., 2018), while Deep Neural Networks (DNNs) and Convolutional
Neural Networks (CNNs) have shown remarkable capabilities in processing structured
and high-dimensional data (Banyong et al., 2024; L. Guo et al., 2022; Hillel, Bierlaire,
Elshafie, & Jin, 2021; Wen & Chen, 2025).
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Although machine learning (ML) and deep learning (DL) models are widely
acknowledged for their superior predictive capabilities, concerns have been
persistently raised regarding their limited interpretability and opacity, commonly
referred to as the “black-box” phenomenon (Grinsztajn, Oyallon, & Varoquaux, 2022;
Hillel et al., 2021). To address this challenge and enhance model explain ability, the
present study employs Shapley Additive Explanations (SHAP), a solution grounded in
cooperative game theory, to elucidate the internal logic of the models and identify
the most influential predictors associated with travel mode decisions (Victoria Dahmen,
Simone Weikl, & Klaus Bogenberger, 2024). While the use of ML techniques in travel
behavior analysis has expanded, rigorous comparative studies between ML/DL
frameworks and conventional econometric models, particularly those utilizing stated
preference (SP) data in the context of high-speed rail (HSR) development in Thailand,
remain limited. This research endeavors to bridge this empirical gap by conducting a
systematic evaluation of the predictive performance of MNL, XGBoost, LightGBM,
CatBoost, DNN, and CNN models using large-scale SP data collected from 3200
respondents across 16 provinces. A standardized data preprocessing framework,
Bayesian hyperparameter optimization, and 10-fold cross-validation are employed to
ensure rigorous model evaluation. Furthermore, SHAP analysis is utilized to enhance
transparency and provide insights into the key factors driving travel mode choices. This
research offers one of the first comprehensive evaluations integrating traditional
econometric models and advanced ML/DL techniques in the emerging context of HSR
in a developing country, contributing valuable insights for future transportation

planning and sustainable mobility policymaking.

4.3 Methodology and Data Analysis

The research methodology, as depicted in Figure 4.1, follows a systematic and
structured approach, commencing with stated preference surveys and data validation
to ensure data accuracy and reliability. Subsequently, the dataset is partitioned into
training (X _train, y train) and testing (X test, y test) sets to facilitate model
development. The study employs multiple analytical frameworks, including deep
learning comprising Convolutional Neural Networks (CNNs) and Deep Neural Networks

(DNNs) as well as Multinomial Logit (MNL) and Gradient Boosting methods, such as
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XGBoost, LightGBM, and CatBoost. To enhance model performance, hyperparameter
tuning is conducted, followed by a comparative evaluation utilizing cross-validation
techniques and performance metrics. In the final stage, a judgment assessment is
performed to determine the acceptability of the model results. Upon validation, the
most optimized model undergoes further interpretability analysis using Shapley
Additive Explanations (SHAP) to identify the key determinants influencing travel mode
choice. The dataset was handled and examined utilizing Python 3.11 through
Anaconda, with the final preparation phase taking approximately two hours. A 13th-
generation Intel Core i9-13900H processor running at 2.60 GHz, combined with 32 GB
of RAM, powered the system used for computational analysis, supporting high

efficiency and processing speed.

A
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Figure 4.1 Research process flowchart.

4.3.1 Survey Design

This study examines future travel mode preferences, encompassing
buses, traditional rail, air transport, and high-speed rail (HSR), through advanced
machine learning techniques. Data were obtained from a nationwide survey

encompassing four major geographic zones of Thailand: The north, northeast, central,
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and south. The analysis aims to uncover the key determinants influencing travel
behavior and choice decisions (Banyong et al., 2024).

Target provinces were selected based on their strategic potential for
future HSR development, with selection criteria including economic vitality and
infrastructural significance as of 2022 (NESDC, 2022). Incorporating provinces with
varying socioeconomic and infrastructural profiles across the regions supports the
national representativeness of the findings (Srithongrung & Kriz, 2019).

The survey involved in-person interviews with adults aged 18 and above,
covering 16 provinces and yielding 3200 valid responses, equally distributed across
provinces (n = 200 each). A non-probability sampling strategy was employed to ensure
regional coverage, mitigate selection bias, and enhance result robustness. The sample
size adheres to machine learning best practices, falling within the suggested range of
50 to 1000 observations per target class, four in this case (Pavlou et al., 2024).

The questionnaire comprised two components: respondents’ socioeconomic
information and a stated preference (SP) experiment using a choice-based design.
Participants indicated their preferred travel mode under hypothetical future HSR
scenarios, considering factors such as station accessibility, waiting duration, total
journey time, cost, and service frequency, providing realistic behavioral insights

(Arencibia et al.,, 2015; Kujala et al., 2018).
4.3.2 Questionnaire Design

The set of explanatory variables incorporated into the choice-based
survey design reflects critical service attributes known to influence individual travel
mode decisions. These include the duration required to reach the departure station,
the delay experienced prior to boarding, and the in-vehicle journey duration between
the origin and destination. Additionally, the survey accounts for the direct financial
expenditure borne by the traveler in the form of out-of-pocket fare, as well as the
interval between consecutive scheduled services. These attributes were carefully
selected to capture the key trade-offs faced by travelers in real-world decision-making
scenarios. Collectively, they provide a robust foundation for analyzing modal
preferences and quantifying the influence of service characteristics on travel behavior.

A summary of these variables and their operational definitions is presented in Table
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4.1. Each feature was defined across multiple value tiers to mirror plausible travel
conditions, thereby enhancing the reliability of respondents’ stated selections. This
stated preference task concentrated along the Bangkok-Chiang Mai axis, spanning
approximately 435 miles, was recognized as a strategic route due to the competitive
dynamic between high-speed rail (HSR) and traditional transport alternatives.

As HSR had not yet been implemented during the survey period, assumptions
related to travel time, fare levels, service intervals, and waiting durations were based
on government forecasts (Economic Base, 2017). Additional scenario parameters were
informed by previous empirical research to incorporate insights into traveler
preferences, operational performance, and market dynamics. Given the reliance on
forecasted data, uncertainties may arise due to unexpected disruptions, infrastructure
constraints, fare policy changes, or broader system dynamics. These uncertainties may
affect projected demand and policy decisions. To improve scenario realism,
adjustments were applied to align assumptions with actual system parameters.
Reference values for waiting times were obtained from national bus and rail booking
platforms (BusOnlineTicket.co.th, 2024) and airline reservation systems (AirAsia move,
2024). For competing modes, information on travel time, pricing, and scheduling was
derived from official fare tables and transit timetables (State Railway of Thailand 2024),
allowing direct comparison with HSR. Adjustments were also made to access durations
to account for specific constraints—such as extended airport check-in and security
procedures. The finalized dataset was validated using empirical travel history and
survey-based feedback to strengthen its reliability. This study assessed five core
attributes across three existing travel alternatives, along with two hypothetical HSR
options using a standardized factorial design.

The experimental design produced 96 total choice sets, derived from three
service types, 15 attribute combinations, and 25 replications. To reduce respondent
burden, a fractional factorial design was employed, dividing the sets into eight blocks
containing twelve alternatives each, with each participant assigned to a single block.
This structure balanced statistical precision with manageable cognitive demand

(Hensher et al., 2015).
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Table 4.1 Attribute Levels for Travel Modes

HSR HSR
Attribute Bus Train Airplane
(Levels 1) (Levels 2)
Access time (Station approach duration:10 10 30 10 15
minute)
Waiting time (Pre-departure delay: minute) 15 10 120 15 10
Travel (Time In-vehicle journey duration:720 720 135 190 220
minute)
Travel cost (Out-of-pocket fare: bath) 750 300 3000 1050 1400
Frequency times (Scheduled service interval:30 150 120 190 220
minute)

4.3.3 Data and Variables

To prepare the stated preference (SP) survey data for machine learning
applications, a preprocessing phase was carried out involving data cleansing, the
handling of missing or inconsistent entries, and the normalization of continuous
variables. Categorical variables were transformed using one-hot or ordinal encoding
techniques. Each of the 3200 respondents participated in twelve hypothetical choice
tasks, with each task presenting four alternatives: bus, train, airplane, and high-speed
rail (HSR), yielding a total of 38,400 data points. The dependent variable (Y) denoted
the travel mode selected by the respondent (coded as 1 = bus, 2 = train, 3 = airplane,
4 = HSR), while the predictor variables (X) comprised both quantitative factors (e.g.,
fare, duration) and sociodemographic indicators (e.g., gender, income level, vehicle
ownership).

The data structure was organized such that each respondent’s choice
set was represented by four separate records, one for each mode, where the selected
alternative was labeled as Y = 1 and non-chosen alternatives as Y = 0. For instance, if
train was selected, then that record was marked Y = 1 while the others were assigned
Y = 0. This encoding process produced a final dataset of 38,400 rows encompassing
both trip characteristics and individual-level features. To facilitate model development
and validation, the dataset was randomly partitioned into training (80%) and testing

(20%) subsets.
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4.3.3.1 Dataset Structuring and Preprocessing

Following the collection of stated preference (SP) survey responses,
the dataset underwent a comprehensive preprocessing workflow tailored to support
predictive modeling using machine learning techniques. This phase involved cleaning
raw entries, restructuring categorical data, and formatting the choice set architecture.
Any incomplete or inconsistent records were removed, continuous variables were
normalized, and categorical features including gender, household income, and private
vehicle ownership were transformed using suitable encoding strategies, such as binary
(one-hot) and ordinal schemes.

Each of the 3200 participants evaluated 12 hypothetical travel
scenarios, yielding a dataset comprising 38,400 observations. In each scenario,
respondents were asked to choose among four transportation modes: bus,
conventional rail, air travel, and high-speed rail (HSR). These options were
differentiated based on key service characteristics, namely access time, wait duration,
total travel time, and fare cost. The response variable (Y) indicated the selected
alternative, coded as 1 for the chosen mode and 0 for the others. Each option was
assigned a numeric identifier from 1 to 4. The predictor variables (X) encompassed
both operational attributes and sociodemographic details.

The dataset was organized such that each row represented one
travel alternative within a respondent’s choice set. After preprocessing, the dataset
was divided into training (80%) and testing (20%) subsets to facilitate model validation

and performance evaluation.
4.3.4 Multinomial Logit Model for Mode Choice Estimation

The modeling framework is grounded in the assumption that each
transport alternative embedded in the experimental design delivers distinct utility to
decision-makers, thereby influencing their travel behavior. The probability that an
individual selects a given option increases as its associated utility becomes relatively
more favorable compared to competing alternatives. The Multinomial Logit (MNL)

model expresses this probability as follows:
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M Zeu‘ (4-1)

where:
P, represents the probability that alternative iis selected;
U; and U; denote the systematic utilities corresponding to alternatives i and j,
respectively;

Jis the total number of competing alternatives considered in the model.
4.3.5 Deep Neural Network (DNN)

Deep Neural Networks (DNNs) are particularly effective in handling
problems characterized by high nonlinearity, especially in cases involving unstructured
data such as images, videos, or continuous data streams. In such complex scenarios,
incorporating multiple hidden layers into a traditional Multilayer Perceptron (MLP)
significantly enhances its ability to capture intricate patterns and improve predictive
performance. These architectures, commonly referred to as Deep Multilayer
Perceptron (DMLPs) or Deep Neural Networks (DNNs), form the foundation of modern
deep learning methodologies (Garcia-Garcia, Garcia-Rddenas, Lopez-Gdmez, & Martin-

Baos, 2022; Garcia-Rddenas, Linares, & Lopez-Gomez, 2017).
4.3.6 Convolutional Neural Network (CNN)

Convolutional Neural Networks (CNNs) represent one of the most widely
used and effective deep learning architectures, particularly in tasks requiring the
extraction of hierarchical features to classify input data. These networks are particularly
well suited for applications involving image and video processing, where features need
to be captured at multiple levels of abstraction. The core operation of a CNN is
convolution, which is performed using filters (also referred to as kernels). In the case
of image data, these filters are typically two-dimensional and slide across the entire
input sample to extract spatial features. However, when dealing with structured matrix
data, such as in this study, a one-dimensional convolution can be applied instead. The
depth of the network determines the number of filters, where a deeper architecture

enables the extraction of more complex and interrelated patterns across different
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abstraction levels. In this research, a CNN model has been designed with two one-
dimensional convolutional layers, each containing 64 kernels of 2 units. To further
optimize model performance, various hyperparameters related to the training process,
such as learning rate, batch size, and regularization techniques, have been fine-tuned.
This ensures that the CNN effectively captures relevant features from the dataset while
maintaining high generalization capability (Garcia-Garcia et al., 2022; Garcia-Rdédenas et

al,, 2017).
4.3.7 Extreme Gradient Boosting (XGBoost)

Widely adopted across a range of domains, Extreme Gradient Boosting
(XGBoost) is a sophisticated machine learning method designed to enhance the
performance and efficiency of decision tree ensembles (T. Chen & Guestrin, 2016).
XGBoost, which builds upon the foundational architecture of Gradient Boosting
Decision Trees (GBDTs), introduces two key innovations: the integration of the second-
order Taylor expansion to optimize the loss function, surpassing GBDT’s reliance on
first-order gradients and the implementation of regularization mechanisms to mitigate
overfitting and promote robust model generalization (Krizhevsky et al., 2012; Y. Xu et
al,, 2019). These enhancements make XGBoost highly efficient, scalable, and accurate,
supporting parallel processing, feature importance analysis, and customizable loss
functions, making it a flexible and widely applicable technique (Friedman, 2001). At its
core, XGBoost follows an iterative additive learning process, where low-depth decision
trees are constructed sequentially to minimize a predefined loss function. Unlike
conventional decision trees, XGBoost assigns greater weights to misclassified instances
in each iteration, gradually refining predictions while balancing bias and variance
(Friedman, 2001). The ultimate prediction is obtained by consolidating the
contributions of individual weak learners, resulting in a resilient ensemble architecture.
In this study, the XGB model was implemented using the “XGBoost” package in Python
3.11, with core hyperparameters such as the step size for weight updates, maximum
depth of individual trees, and the total number of boosting iterations alongside
regularization components, meticulously tuned to optimize predictive performance. In
machine learning, hyperparameters are model settings that must be specified before

training, as opposed to parameters learned from data. Their proper tuning is essential
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for enhancing model generalization and preventing overfitting. To achieve this, cross-
validation techniques were applied, allowing for the systematic evaluation of different
hyperparameter configurations to determine the optimal combination for improved

predictive accuracy.
4.3.8 Light Gradient Boosting (LightGBM)

LightGBM, proposed by Ke et al. (2017), is a high-efficiency gradient
boosting algorithm built to outperform traditional GBDT models in both speed and
predictive strength. It incorporates several algorithmic innovations such as one-sided
sampling based on gradient magnitudes (GOSS), a leaf-wise growth policy, histogram-
based data partitioning, and feature bundling techniques (EFB), which together
significantly reduce training time while maintaining high model accuracy. These
enhancements enable LightGBM to train significantly faster than conventional GBDT
frameworks, achieving up to twenty-fold improvements in computational speed while
maintaining high classification accuracy (Ding et al., 2018). A notable advantage of
LightGBM lies in its capacity to model complex, nonlinear relationships without
assuming a predefined functional form between independent and dependent
variables—an inherent limitation of traditional statistical approaches (Ding et al., 2018).
Furthermore, the algorithm is robust to issues commonly encountered in real-world
datasets, including multicollinearity, outliers, and missing values. Instead of focusing
on marginal effects or regression coefficients, LishtGBM quantifies feature importance
based on variable interactions and their contribution to prediction outcomes (Elith et
al., 2008).

This enables the model to provide more precise insights into variable
influence, an advantage over traditional statistical models. The training process in
LigshtGBM follows a gradient-based optimization approach, where data points with the
highest gradient values are prioritized for training, reducing computational overhead
without sacrificing accuracy. Furthermore, exclusive feature bundling (EFB) groups non-
overlapping features together, improving memory efficiency and accelerating model
performance. By leveraging these optimizations, LightGBM is capable of efficiently
handling large datasets while preventing overfitting through hyperparameter tuning and

regularization techniques. Overall, LightGBM stands out as a highly efficient and
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scalable gradient boosting algorithm, making it a preferred choice for tackling complex

machine learning problems where both speed and accuracy are crucial.
4.3.9 Categorical Boosting (CatBoost)

Developed by Yandex researchers in 2017, CatBoost is a high-
performance machine learning algorithm that builds upon the Gradient Boosting
Decision Tree (GBDT) framework (Dorogush et al., 2018; Prokhorenkova et al., 2018). It
enhances traditional GBDT methods by implementing a more efficient training scheme
that fully leverages the input data and streamlines the boosting process to achieve
improved predictive accuracy and computational efficiency. In contrast to traditional
gradient boosting methods—which iteratively update weak learners based solely on
previous errors—CatBoost initially applies equal weighting to all samples and
subsequently increases the focus on instances with higher prediction errors. This
iterative refinement continues until all training samples are incorporated, culminating
in a final prediction through the aggregation of weighted outputs (G. Huang et al., 2019).

This process reduces overfitting, making the model more robust in
practical applications (G. Huang et al., 2019). A key feature of CatBoost is its priority-
based gradient evaluation, which reduces estimation bias, a common issue in
traditional GBDT models. The algorithm first samples permutations of the training data,
generating multiple models trained on different data orderings. By adjusting gradients
dynamically, CatBoost enhances generalization and prevents over-reliance on specific
training sequences (G. Huang et al., 2019). Despite its advantages, CatBoost can struggle
with highly imbalanced datasets. Although it adjusts for class weights, extreme class
imbalances may still result in poor predictions for minority classes, leading to higher
misclassification rates. The incorrect tuning of hyperparameters like learning rate, tree
depth, and iteration count can cause overfitting or underfitting, which adversely affects
model performance, particularly for under-represented samples (Prokhorenkova et al.,
2018). CatBoost’s training process consists of several stages. The training process
initiates with a classification adjustment phase that leverages target-based statistics. In
this step, the algorithm calculates statistical indicators—such as the mean target
value—within each categorical grouping, thereby incorporating class-specific

distributional information into the model learning process. This adjustment allows the
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model to handle categorical variables effectively without extensive preprocessing.
Next, boosting learning is applied, iteratively constructing trees that correct errors from
previous predictions. By refining gradient values based on the loss function, CatBoost
continuously enhances prediction accuracy (Prokhorenkova et al., 2018). Overall,
CatBoost stands out as a highly efficient and scalable gradient boosting algorithm,
particularly suited for datasets with categorical features and complex relationships. Its
ability to minimize overfitting, optimize training efficiency, and improve generalization

makes it a competitive choice for both classification and regression tasks.
4.3.10 Hyperparameter Tuning

Hyperparameter tuning is an essential process in optimizing machine
learning models, ensuring better predictive accuracy, improved generalization, and a
reduced risk of overfitting. Unlike model parameters, which are learned during training,
hyperparameters are predefined settings that control the learning process, such as
learning rate, tree depth, number of estimators, and regularization terms (Banyong et
al.,, 2024; Garcia-Garcia et al,, 2022). In this study, Bayesian optimization (BO) was
employed for hyperparameter tuning, offering an efficient and systematic approach to
finding the optimal configuration. BO operates by constructing a probabilistic surrogate
model, typically a Gaussian Process (GP) or a Tree-structured Parzen Estimator (TPE),
to approximate the objective function, which in this case is the model’s performance
metric (e.g., accuracy, AUC, or cross-entropy loss). Unlike exhaustive methods such as
Grid Search, which tests all possible combinations, or Random Search, which selects
configurations arbitrarily, Bayesian optimization strategically balances exploitation
(focusing on promising hyperparameter regions) and exploration (searching for
potentially better configurations). This is achieved through an acquisition function, such
as Expected Improvement (El) or Upper Confidence Bound (UCB), which determines
the next set of hyperparameters to evaluate. After each iteration, the surrogate model
is updated with new observations, refining predictions for subsequent searches. This
iterative process continues until an optimal set of hyperparameters is found,
minimizing computational costs while maximizing model performance. By leveraging

Bayesian optimization, this study efficiently tuned hyperparameters in complex
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machine learning models, ensuring an optimal balance between training efficiency and

predictive capability (Chongzhi, Lin, & Zhang, 2021; Shakya, Biswas, & Pal, 2022).
4.3.11 Model Comparison

To comprehensively conduct a comparative analysis of model
effectiveness in identifying the key factors influencing the dependent variable (Y), this
study explores the Multinomial Logit Model (MNL), Deep Neural Network (DNN),
Convolutional Neural Network (CNN), Extreme Gradient Boosting (XGBoost), LightGBM,
and CatBoost (Categorical Boosting). Given the diversity in modeling approaches,
multiple evaluation metrics are employed to ensure a fair and robust comparison. To
enhance the reliability and consistency of the assessment, a 10-fold cross-validation
technique was applied to all models. This approach serves to attenuate overfitting and
facilitates a more robust and generalizable assessment of model performance by
systematically partitioning the dataset into distinct training and validation subsets. The
comparative evaluation framework is anchored in three principal dimensions:
predictive accuracy, model interpretability, and computational efficiency. With regard
to predictive performance, the analysis underscores each model’s capacity to
effectively capture the structural relationships between explanatory variables and the
target outcome, rather than relying exclusively on conventional classification accuracy.
To rigorously assess this dimension, a suite of strategically selected performance
indicators is employed. In pursuit of a comprehensive appraisal of classification
efficacy, this study adopts a multidimensional evaluation scheme that encapsulates a
broader spectrum of diagnostic insights across model outputs. Rather than relying
solely on classification accuracy, which may be insufficient in the presence of class
imbalance, additional metrics are employed to capture different aspects of predictive
performance. Accuracy serves as a general measure of correctly classified instances,
while recall (sensitivity) and specificity provide insights into the model’s ability to
correctly identify positive and negative cases, respectively. Furthermore, precision
evaluates correctly predicted positives, while by integrating both precision and recall,
the F1 score offers a single metric that reflects the model’s ability to maintain
consistency between correct positive predictions and sensitivity, which is especially

beneficial in skewed class distributions, especially for imbalanced datasets. The area
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under the ROC curve (AUC-ROQ) is also used to evaluate the models’ ability to
distinguish between different outcome categories. This metric is particularly valuable
for multiclass classification, offering a threshold-independent assessment of
performance. By applying these evaluation metrics uniformly across the Multinomial
Logit Model (MNL), Deep Neural Network (DNN), Convolutional Neural Network (CNN),
XGBoost, LightGBM, and CatBoost, this study ensures a robust and equitable
comparison. This approach supports both the interpretability and predictive strength
of each model in identifying the determinants of the dependent variable (Y).

Additionally, the area under the ROC curve (AUC-ROC) is employed to evaluate
each model’s ability to distinguish between outcome classes across multiple
prediction scenarios (Banyong et al., 2024). In parallel, accuracy is used as a baseline
indicator for classification performance, quantifying the ratio of correct predictions to
the overall number of cases. While accuracy is widely adopted, it is often augmented
with supplementary metrics to address potential biases arising from class imbalance
(Banyong et al.,, 2024; Garcia-Garcia et al.,, 2022; X. Zhao, Yan, Yu, & Van Hentenryck,
2018). Considering the distinct methodological foundations of econometric versus
machine learning techniques, the use of multiple evaluation criteria offers a more
comprehensive and impartial basis for model comparison, capturing both
interpretability and predictive reliability in estimating the determinants of the response
variable.

Model performance was assessed using a set of evaluation metrics, including
log loss, accuracy, precision, recall, and F1 score. To account for class imbalance and
ensure uniform consideration across all outcome categories, macro-averaging was
employed, thereby assigning equal weight to each class irrespective of its frequency

(Mokhtarimousavi et al., 2020; Sokolova & Lapalme, 2009).

TP+ TN
Accuracy = (4-2)
TP+ TN+ FP +FN
TP
Recall (Sensitivity) = ——— (4-3)
TP+ FN
TN
Specificity = ——— (4-a)

TN + FP
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TP
Precision = ——— (4-5)
TP+ FP
2TP
F1—Score = ——— (4-6)
2TP +FN+FP
1
AUC = —(Recall + Specificity) (4-7)

2
These performance metrics were derived from the confusion matrix, which

summarizes the classification outcomes as follows:

TP (True Positive): instances where actual positives were accurately identified
as positive;

TN (True Negative): instances where actual negatives were correctly recognized
as negative;

FP (False Positive): cases in which negative instances were mistakenly classified
as positive;

FN (False Negative): cases in which positive instances were wrongly labeled as

negative.
4.3.12 Shapley Additive Explanations (SHAP)

SHAP interprets complex machine learning models by showing how
each feature influences predictions. It improves transparency and reliability through
ranked plots, with position and color (red for positive, blue for negative) indicating each

feature’s impact (Mokhtarimousavi et al., 2020; Sokolova & Lapalme, 2009).
4.4  Results and Discussion
4.4.1 Descriptive Analysis

Below are the descriptive statistics for the key variables used in the
analysis, including their distributions and summary measures relevant to the modeling
process.

Table 4.2 summarizes the respondents’ sociodemographic and travel
behavior characteristics. The sample consisted of 52.43% male and 47.57% female
respondents. The average household size was 3.36 members, with single-person

households being the most common (33.88%), followed by two-person households
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(28.92%). Regarding children under 18 in the household, 63.3% of respondents
reported having children in this age group. In terms of household income, the majority
of respondents had a monthly income in the range of 15,000 to 45,000 baht, with
33.55% earning more than 45,000 baht. The average income level (coded as categorical
values) was 2.96. The most frequently reported travel purpose was for leisure or
vacation (53.57%), followed by work or study (33.39%), and shopping (10.29%). The
frequency of interprovincial travel averaged 2.11 times per month. Most respondents
traveled one to three times per month (35.72%), while 33.93% reported traveling three
to six times. In terms of mode choice, high-speed rail was the most preferred option,
accounting for 29.42% of the responses, followed by bus (27.45%), conventional train
(26.41%), and airplane (16.72%).

An examination of the skewness values across the variables showed a range
between -0.55 and +0.70, indicating that most variables were approximately
symmetrically distributed and did not display severe skewness. The kurtosis values
were generally negative, suggesting that the distributions were flatter than the normal
distribution (Champahom et al., 2023).

To investigate the interrelationships among the explanatory variables and to
assess potential multicollinearity, a Pearson correlation analysis was conducted. As
shown in Figure 4.2, all pairwise correlation coefficients remain below the standard
threshold of 0.5 (Vatcheva, Lee, McCormick, & Rahbar, 2016), indicating that no
substantial multicollinearity is present. The relatively low levels of intercorrelation
confirm that the inclusion of these variables in a multivariate framework does not pose

multicollinearity concerns, thereby validating the statistical independence required for

Table 4.2 Statistical Overview of Personal Characteristics and Mobility Behavior

Categorical
Variable Description Mean SD SK KU
Variable (%)

Male =1 52.43
Gender Female = 0 a7.57 0.5243 0.4994 -0.0975 -1.9908
Total 100
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Table 4.2 Statistical Overview of Personal Characteristics and Mobility Behavior

(Continued)
Categorical
Variable Description Mean SD SK KU
Variable (%)
Household
members 33.88
1 person =1
2 people = 2 28.92
Household
3 people = 3 15.67 3.3561 1.1090 -0.3527 -0.5709
members
4 people = 4 15.11
More than four
6.41
people = 5
Total 100
Have children
under 18 in the 63.3
household =1
Children No children under 0.6330 0.4820 -0.5520 -1.6956
18 in the 36.7
household = 0
Total 100
Less than 15,000
2.22
=1
15,000-30,000 = 230.7
Income 30,001-45,000 = 333.54 29557 0.8705 -0.1163 -1.2520
More than 45,000
33.55
=4
Total 100

Work

Travel for study or
work. 33.39
Yes =1

No =0 66.61

0.3339 0.4716

0.7043  -1.5043
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Table 4.2 Statistical Overview of Personal Characteristics and Mobility Behavior

(Continued)

Categorical
Variable Description Mean SD SK KU
Variable (%)

Total 100

Travel for leisure

or vacation. 53.57
Vacation  Yes =1 0.5357 0.4987 -0.1431 -1.9799
No =0 46.43
Total 100
Travel for
shoppins. 10.29
Shopping  Yes =1 0.1029 0.3038  2.6146 4.837
No =0 89.71
Total 100

1-3 times =1 35.72
3-6 times = 2 33.93
Frequency 6-9 times =3 16.35

2.1097 1.0673 0.5877 -0.9058
of Travel  More than nine

14
times = 4
Total 100
High speed

29.42
railways = 1
Bus = 2 27.45

Mode

Train =3 26.41
Airplane = 4 16.72
Total 100

Note: SD = Standard Deviation, SK = Skewness, and KU = Kurtosis
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Positive Correlation Matrix

-1.0

Gender- 1.0 -0.05 -0.06 -0.01 -0.05

Household members 0.47 0.21 0.0 0.07 . L08
Children . 0.02 —-0.09 0.15
Income : 0.02 -0.13 0.13
Work g —0.09 -0.13 -0.76 -0.24
Vacation ! ! 0.15 0.13 -0.76 -0.36
Shopping ! b ~0.1 -0.01 -0.24 -0.36

Frequency of Travel

=
o

Gender
Children
Income
Work
Vacation
Shopping

Household members
Frequency of Travel -

Figure 4.2 Heatmap of positive correlation among socioeconomic factors.

4.4.2. Hyperparameter Optimization Using Bayesian Optimization

In the development of high-performance predictive systems,
hyperparameter optimization plays a pivotal role in enhancing model precision and
generalizability. This consideration is particularly salient in the present study, which
incorporates a diverse array of model architectures, including XGBoost, LightGBM,
CatBoost, Deep Neural Network (DNN), and Convolutional Neural Network (CNN).
Selecting optimal hyperparameter configurations is essential for maximizing model
efficacy. Accordingly, this research utilizes Bayesian hyperparameter optimization, a
probabilistic and data-efficient method for identifying optimal parameter settings under
uncertainty. A summary of the optimized hyperparameter values for each algorithm is

provided in Table 4.3.
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Model Description Value
XGBoost n_estimators 210
max_depth 6
learning rate 0.21977629940065888
subsample 0.8166577433928425
colsample_bytree 0.6713509802187799
gamma 0.016849547970738232
reg alpha 4.443653782167797
reg lambda 2.162026822349147
LightGBM n_estimators 493
max_depth 5
learning rate 0.0441
subsample 0.8957
colsample_bytree 0.9840
reg alpha 0.0754
reg_lambda 0.0788
random_state a2
CatBoost iterations 157
depth 7
learning_rate 0.16214535070336702
12_leaf reg 4.815982341211366
random_strength 5.493473561258114
pagging temperature 0.5270768048053522
border_count 113
loss_function ‘MultiClass’
random_state a2
Deep Neural Network first_dense_units 191
second_dense_units 87
dropout_rate 0.2294
optimizer Adam
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Table 4.3 Optimized Hyperparameters of the Compared Models (Continued)

Description

Value

learning rate

0.00033001201097314586

epochs 32
batch_size 16
Convolutional
filters 64
Network
kernel _size 3
activation ‘relu’
pool size 2
dense_units 64
dropout rate 0.3
output activation ‘softmax’
optimizer Adam
learning rate 0.001

loss
batch size

epochs

‘categorical crossentropy’
16
30

4.4.3. Model Performance

Model performance evaluation is critical for assessing the predictive

accuracy of travel mode choice models, particularly in the context of promoting high-

speed rail (HSR) as a competitive alternative to conventional transport modes such as

buses, trains, and airplanes. To ensure methodolosical rigor and reduce sampling bias,

a stratified 10-fold cross-validation procedure was employed, whereby the dataset was

partitioned into ten mutually exclusive subsets. Each subset was sequentially

designated as a validation set, while the remaining nine were used for model training,

thereby enhancing the generalizability of the results. Key evaluation metrics—

accuracy, precision, recall, F1 score (macro-averaged), and AUC for multiclass

classification—were utilized to benchmark model performance. The outcomes are

systematically presented in Figures 4.3 and 4.4 to facilitate comparative analysis.
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Model Performance Comparison on Train Set
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Figure 4.3 Model performance comparison on the training set.

Model Performance Comparison on Test Set
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Figure 4.4 Model performance comparison on the test set.

Figures 4.3 and 4.4 present the cross-validated results for five predictive
models—XGBoost, LightGBM, CatBoost, Deep Neural Network (DNN), and
Convolutional Neural Network (CNN)—in forecasting travel mode transitions toward
high-speed rail (HSR). Performance was assessed using standard classification metrics,
including accuracy, precision, recall, F1 score, and area under the ROC curve (AUQ),
reported for both training and test sets to evaluate generalization capability.

Among the gradient boosting techniques, LishtGBM achieved the highest scores on the
training set, yielding peak values for accuracy (0.8355), F1 score (0.8299), and AUC
(0.9584). Although CatBoost exhibited slightly lower training performance, it
outperformed all models on the test set with the highest AUC (0.9113) and

demonstrated consistent performance across all metrics—accuracy (0.7557), precision
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(0.7384), recall (0.7760), and F1 score (0.7404)—indicating robust generalization to
unseen data.

The deep learning models (DNN and CNN) delivered stable yet slightly lower
results on the test set, with accuracy and F1 scores ranging between 0.727 and 0.734,
and comparatively reduced AUC values. Notably, the DNN model achieved the highest
recall (0.7579), reflecting its sensitivity to correctly identifying positive cases.

In contrast, the Multinomial Logit (MNL) model underperformed across all
evaluation criteria—accuracy (0.7081), precision (0.6731), recall (0.7373), F1 score
(0.6812), and AUC (0.8753)—reflecting its limitations in handling nonlinearities and
complex variable interactions. Despite its popularity in transport research for
interpretability, MNL’s structural constraints limit its predictive accuracy. Overall,
CatBoost emerged as the most effective model for HSR adoption prediction, striking
the optimal balance between accuracy and eeneralization across all performance
metrics.

Figure 4.5 illustrates the comparison of ROC curves across five classification
models for predicting travel mode transitions toward high-speed rail (HSR) adoption.
The CatBoost model achieved the highest macro-average AUC (0.911), followed closely
by XGBoost and LightGBM (0.907), while DNN and CNN showed slightly lower but
comparable performance (0.901 and 0.899, respectively). The results indicate that
CatBoost demonstrates superior discriminatory power in differentiating among multiple
travel mode classes. Only machine learning models are visualized in this figure, as the
traditional Multinomial Logit (MNL) model showed substantially lower AUC and overall

predictive performance, making it less effective for visual comparison.
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Multi-class ROC Curve Comparison Including MNL
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Figure 4.5 Multiclass ROC curve comparison across models including Multinomial Logit.

The comparison of models in this study highlights significant performance
differences across various approaches with distinct structures and assumptions. The
Multinomial Logit (MNL) model, valued for its simplicity and behavioral interpretability,
faces limitations due to its assumptions of linear relationships and the Independence
of Irrelevant Alternatives (IIA), which hinder its ability to capture complex, nonlinear
interactions (Kalantari, Sabouri, Brewer, Ewing, & Tian, 2025). As a result, MNL’s
predictive performance, particularly in accuracy and AUC, was outperformed by
machine learning (ML) models (Shahdah, Elharoun, Ali, Elbany, & Elagamy, 2025; Yin,
Wu, Sun, Meng, & Lee, 2024).

In contrast, machine learning models, particularly CatBoost, LightGBM, and
XGBoost, exhibited significantly superior performance. These models excel at capturing
complex variable interactions and can process categorical data directly, minimizing the
need for extensive preprocessing (Champahom et al., 2023). Notably, CatBoost
demonstrated particular strengths in addressing overfitting through integrated
regularization mechanisms, which contributed to its robust accuracy and stability in
the present dataset (Champahom et al., 2023). CatBoost utilizes ordered boosting (also
known as ordered target statistics), which minimizes prediction shift during training and

employs a symmetric tree-growing algorithm that promotes balanced and
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generalizable trees. Furthermore, its native handling of categorical variables through
advanced encoding techniques allows for the preservation of essential information
without manual transformation. The model also incorporates gradient-based
regularization to enhance robustness, enabling it to perform well on structured
datasets with minimal hyperparameter tuning (Himeur et al., 2022).

Although Deep Neural Networks (DNNs) are capable of learning intricate, high-
level data representations (Himeur et al., 2022), their use on small datasets often leads
to overfitting, as the number of parameters greatly exceeds the available data (Himeur
et al,, 2022). This leads the model to memorize training data rather than generalize
underlying patterns, thereby reducing its effectiveness on unseen test data. Moreover,
DNNs are susceptible to learning noise instead of meaningful structure (Himeur et al,,
2022). Mitigating overfitting in such cases requires advanced techniques, including data
augmentation, transfer learning, or other regularization strategies (Himeur et al., 2022).
These complexities make the practical deployment of DNNs in small-data contexts
challenging, where simpler models such as gradient boosting often outperform them.
While Convolutional Neural Networks (CNNs) can technically be adapted for tabular
data by arranging features into a matrix format resembling an image, thereby enabling
the model to exploit spatial structure through convolutional filters, this approach may
not be well suited in contexts where the features are inherently unordered and lack
spatial correlation (Shwartz-Ziv & Armon, 2022). In the present study, the data were
structured in a tabular format with semantically distinct and logically independent
variables (Chehreh Chelgani, Homafar, Nasiri, & Rezaei laksar, 2024). Therefore,
convolutional learning was unable to extract salient features effectively (Shwartz-Ziv
& Armon, 2022). While the deep learning models in this study, particularly DNN and
CNN, were constrained by the limited sample size, several strategies were employed
to mitigate overfitting and enhance generalization. Although the original sample
consisted of 3200 respondents, the stated preference (SP) design included 12
hypothetical choice tasks per person, resulting in a dataset of 38,400 observations. This
enriched dataset allowed for more effective model training despite the moderate
respondent base. To further address overfitting, we implemented stratified 10-fold

cross-validation, Bayesian hyperparameter tuning, and incorporated dropout layers and
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early stopping during the training of DNN and CNN models. These regularization
techniques aimed to reduce model complexity and prevent memorization of the
training data. In contrast, models tailored for tabular data—such as CatBoost and
XGBoost—demonstrated greater efficiency in handling categorical variables without
preprocessing and capturing nonlinear patterns, resulting in higher accuracy and more
stable performance on this dataset (Borisov et al., 2022; Grinsztajn et al., 2022; Shwartz-
Ziv & Armon, 2022).

Figure 4.6 presents the SHAP-based global feature importance analysis, offering
key insights into the relative influence of individual factors driving the shift in travel
mode choices, particularly toward the adoption of high-speed rail (HSR). The results
emphasize that economic and temporal service characteristics play a far more
dominant role than sociodemographic attributes in shaping travelers’ decision-making
processes. Travel cost emerges as the most influential factor across all travel modes,
particularly in the context of airplane and bus choices. This underscores the high price
sensitivity among travelers, especially in low-to-middle-income contexts like Thailand,
where affordability remains a crucial determinant in mode selection (Salas et al., 2022;

M. Xu, Shuai, Wang, Liu, & Zhou, 2023). This finding aligns with established transport

economics theory, which identifies cost as a central constraint in mode choice

decisions (Salas et al., 2022; M. Xu et al., 2023).

SHAP Feature Importance by Travel Mode Class
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Figure 4.6 SHAP feature importance disaggregated by travel mode class
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Beyond cost, service frequency and waiting time emerge as key determinants,
especially among train and bus users. These results suggest that operational
predictability and schedule reliability are key considerations for travelers (Salas et al.,
2022; M. Xu et al., 2023). Low service frequency and prolonged waiting times pose
substantial barriers to HSR adoption, reinforcing the need for strategic interventions to
enhance service regularity (Tiong, Ma, & Palmqvist, 2023). This reflects the concept of
perceived temporal utility, where delays and inconsistencies in departure or arrival
times reduce the perceived value of the service. Travelers tend to associate high-
frequency services with lower opportunity costs and greater flexibility, which enhances
the attractiveness of the mode. Access time and travel time, representing components
of total journey effort, show moderate SHAP values across modes. Their consistent
influence across all alternatives highlights their importance in overall convenience,
particularly for users with limited access to HSR stations (Salas et al., 2022; M. Xu et
al,, 2023). This is consistent with the theory of generalized travel cost, which
incorporates not only monetary cost but also time-related burdens such as first-
mile/last-mile travel and in-vehicle duration. Inadequate access and long travel times
increase the perceived disutility of HSR, especially for travelers who value efficiency or
have time constraints.

In contrast, sociodemographic variables—household size, income, gender, and
trip purpose—show comparatively low SHAP importance. This indicates that mode
choice is driven more by service characteristics than by traveler attributes, a trend that
diverges from traditional behavioral models that emphasize demographics (Salas et al.,
2022; M. Xu et al., 2023). Although variables like income are commonly used in travel
behavior studies, the current results reveal that actual trip cost has a more direct and
substantial impact on decision-making than income levels. Nonetheless, variables such
as travel frequency and gender, though ranked lower, retain non-zero SHAP values,
suggesting latent behavioral patterns. For instance, regular travelers may prioritize
punctuality and convenience more heavily, increasing their likelihood of shifting to HSR
when reliability is perceived to be superior (Salas et al., 2022; M. Xu et al., 2023). This
finding implies that frequent intercity travelers such as commuters, business travelers,

or students who travel regularly between provinces represent a key target segment for
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early HSR adoption. These groups are often time-sensitive and more responsive to
improvements in service frequency and travel time, making them ideal candidates for
tailored marketing strategies and service design.

In summary, the SHAP analysis confirms the primacy of economic and temporal
attributes notably cost, service frequency, and waiting time in determining mode shifts
toward HSR. These findings have direct implications for transportation policy and
service design, underscoring the need to enhance affordability and reliability to foster
greater adoption of HSR systems. In addition, the results highlight specific passenger
groups—such as frequent travelers, larger households, and higher-income
individuals—who exhibit greater sensitivity to improvements in HSR-related service
attributes. These segments represent strategic targets for early adoption and should
be prioritized in marketing, fare policy, and service design to maximize uptake and
long-term viability.

The disaggregated SHAP analysis by travel mode reveals a distinctive behavioral
pattern among high-speed rail (HSR) users (Figure 4.7), in which household size emerges
as a prominent determinant. This effect is not observed in the other transport modes.
Moreover, income demonstrates contrasting influences: individuals with higher income
levels show a greater propensity to choose HSR, while their likelihood of using bus
services declines. These findings suggest a clear socioeconomic differentiation in travel
mode preferences.

Across all four transport modes (HSR, bus, train, and airplane), travel cost and
time-related service attributes, including service frequency, waiting time, and access
time, consistently emerge as the most influential factors in shaping mode choice.
These variables exert particularly strong effects among bus and train users (Figures 4.8
and 4.9), highlighting the critical importance of operational efficiency and schedule
reliability. In the case of air travel (Figure 4.10), access time and cost are especially
salient, indicating heightened sensitivity to first- and last-mile connectivity as well as
fare levels in mode selection.

These findings underscore the policy importance of enhancing affordability and
temporal reliability in HSR service design. Tailored strategies such as competitive fare

structures, increased service frequency, and improved station accessibility are vital to
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promoting HSR adoption. Moreover, targeted incentives for specific user segments,
such as larger households and higher-income travelers, may further enhance the
attractiveness of HSR in emerging intercity transport systems.
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Figure 4.7 SHAP feature importance and impact on high-speed rail mode choice.
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Figure 4.8 SHAP feature importance and impact on bus mode choice.
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Figure 4.9 SHAP feature importance and impact on train mode choice.
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Figure 4.10 SHAP feature importance and impact on airplane mode choice.
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4.5 Conclusions

This study compared the predictive performance of traditional and advanced
modeling techniques in forecasting travel mode choice amid the introduction of high-
speed rail (HSR) in Thailand. Using stated preference data from diverse geographic and
socioeconomic contexts, the analysis evaluated the Multinomial Logit (MNL) model
alongside advanced models including Extreme Gradient Boosting, LigchtGBM, CatBoost,
Deep Neural Networks (DNNs), and Convolutional Neural Networks (CNNs), with model
training enhanced through cross-validation and Bayesian optimization. The proposed
modeling framework not only demonstrates strong predictive performance in the
context of Thailand’s HSR, but also holds potential for application in similar large-scale
transportation infrastructure studies across different countries or systems. CatBoost
achieved the highest performance on the test set, with an AUC of 0.9113 and an
accuracy of 0.7557, demonstrating superior generalization compared to all other
models. While LightGBM obtained the highest training AUC of 0.9584, CatBoost
maintained more stable performance on unseen data, attributed to its algorithmic
features such as native handling of categorical variables and ordered boosting. The
MNL model, although interpretable and easy to implement, was constrained by
structural assumptions like linearity and the Independence of Irrelevant Alternatives
(I1A), resulting in a lower AUC of 0.8753. Deep learning models (DNN and CNN) showed
limited performance due to data volume constraints and the mismatch between CNN
architecture and tabular data structure.

Feature importance analysis using SHAP revealed that travel cost, service
frequency, and waiting time were the most influential factors in mode choice,
particularly for bus and air travel. In contrast, sociodemographic variables had limited
impact, indicating that service attributes play a more dominant role in shaping HSR-
related travel decisions. Although this study did not perform an explicit segmentation
analysis, the results suggest certain passenger groups are more likely to adopt high-
speed rail services. In particular, travelers with higher income levels, larger households,
and those who travel frequently for business or educational purposes demonstrate

greater sensitivity to HSR’s economic and temporal attributes. These findings point to
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the practical value of targeting such groups in future marketing and service planning

efforts, especially during the early stages of HSR implementation.

4.5.1 Policy Recommendations

Informed by the empirical findings, this study proposes the following

policy recommendations to promote the adoption of high-speed rail, as depicted in

Figure 4.11:

Design competitive fare structures by offering promotional pricing,
monthly passes, or integrated fare bundles with other public
transportation services;

Increase service frequency and minimize waiting times to enhance
the reliability and attractiveness of high-speed rail operations;
Improve accessibility to rail stations through feeder systems such as
shuttle buses or local transit networks that facilitate first-mile and
last-mile connectivity;

Encourage regular intercity travelers to adopt high-speed rail
through loyalty programs or targeted fare incentives;

Simplify the ticketing process by developing a seamless and intuitive
platform for booking and payment, supporting mobile access, QR

code usage, and electronic wallets.
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Figure 4.11 Enhancing high-speed rail adoption through strategic policy recommendations.

In conclusion, this study demonstrates not only the superior predictive

performance of machine learning models, especially Categorical Boosting, in modeling
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travel mode choice but also underscores the critical role of service-related attributes
in influencing behavioral shifts. These insights provide a practical foundation for
designing efficient, inclusive, and user-centered transportation policies, particularly in
the context of high-speed rail development in Thailand and other emerging

economies.
4.5.2 Limitations and Further Research

This study provides valuable insights into travel mode choice behavior
in the context of high-speed rail (HSR) development in Thailand. However, several
limitations should be acknowledged. First, the use of stated preference (SP) data
introduces potential hypothetical bias, as respondents’ stated intentions under
hypothetical scenarios may not align with their actual behavior. This is especially
relevant for emerging systems like HSR, for which respondents have no prior
experience. Future research should incorporate revealed preference (RP) data
following real-world implementation to validate model predictions. In addition, future
studies may consider developing multiple hypothetical travel scenarios and evaluating
different predictive targets beyond mode choice, such as user satisfaction, likelihood
of repeated use, or pricing sensitivity.

Second, although advanced machine learning and deep learning models
were employed, the modest dataset size may have limited the performance of
complex architectures, particularly Deep Neural Networks (DNNs) and Convolutional
Neural Networks (CNNs), which are typically optimized for large-scale data. Despite the
use of cross-validation and hyperparameter tuning, these models may still be prone
to overfitting. Expanding the dataset and employing techniques such as transfer
learning or ensemble methods may enhance performance in future studies.

Third, the study utilized a non-probability sampling approach, which,
despite ensuring regional coverage, may limit the generalizability of the results due to
potential selection bias. Future research should adopt stratified or probability-based
sampling techniques to ensure more representative and externally valid conclusions.
Fourth, the models do not explicitly account for latent psychological constructs such
as attitudes, perceptions, or satisfaction, which are increasingly recognized as key

determinants of travel behavior. This unexpectedly weak influence of demographic
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variables may be attributed to specific cultural characteristics in Thailand, where travel
decisions are more influenced by practical constraints (e.g., cost and access) than
personal traits. Additionally, limitations in the questionnaire design may have restricted
the ability to capture attitudinal or psychological dimensions that mediate the effect
of sociodemographic factors. Incorporating latent variable modeling techniques such
as hybrid choice models or Structural Equation Modeling (SEM) could improve
explanatory power.

Fifth, while Shapley Additive Explanations (SHAP) was used to interpret global
feature importance, this method does not account for temporal dynamics or context-
specific variability. Future work should consider longitudinal data and time series
modeling to capture behavioral adaptation following HSR implementation. In addition,
future research could extend SHAP analysis by incorporating interaction effects
between key service attributes such as travel cost, waiting time, and service frequency
to uncover how combinations of factors jointly influence mode choice decisions. This
would provide deeper behavioral insights beyond individual variable importance.
Cross-country comparative studies, particularly in other developing nations, may also
offer valuable insights into the transferability and generalizability of machine learning
approaches in travel behavior research. Moreover, future studies could extend SHAP
analysis by incorporating interaction effects among key variables, such as cost, waiting
time, and service frequency. Assessing these combined influences may reveal
compound sensitivities that are not apparent when considering each factor in isolation.
Additionally, clustering algorithms or latent class analysis could be applied to segment
travelers into subgroups—such as budget-sensitive, time-sensitive, or frequent users—
and assess model performance and behavioral responses within each cluster. These
segmentation techniques would allow for more targeted policy recommendations and
service planning based on distinct traveler profiles.

Finally, future research should explore traveler segmentation techniques such
as clustering, latent class analysis, or subgroup-specific modeling to uncover distinct
user profiles and heterogeneity in preferences. This would allow for more tailored
policy interventions and service strategies that address the unique needs of different

passenger groups, such as frequent travelers, students, or price-sensitive individuals.
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CHAPTER V
CONCLUSION AND RECOMMENDATION

5.1  Conclusions

This dissertation set out to investigate the transformative impact of high-speed
rail (HSR) development on intercity travel behavior in Thailand through a series of three
integrated research articles. Drawing on stated preference data and advanced modeling
techniques, the studies aimed to enhance understanding of modal shifts in response
to HSR implementation. Each paper offered distinct yet complementary insights into
traveler preferences, market share dynamics, and predictive modeling accuracy.
Collectively, the findings underscore the limitations of traditional econometric models
and highlight the utility of machine learning in transportation planning. The concluding

chapter synthesizes the key contributions of all three studies.

5.1.1 A Machine Learning Comparison of Transportation Mode Changes

from High-Speed Railway Promotion in Thailand

Study 1: This study aimed to investigate travel mode choice behavior in
the context of Thailand’s high-speed rail (HSR) development using advanced predictive
analytics. By applying machine learning techniques—particularly the XGBoost
algorithm—and comparing them with traditional models such as the Multinomial Logit
(MNL), the research demonstrated that machine learning offers superior predictive
performance in terms of both accuracy and flexibility.

Moreover, the integration of SHAP (SHapley Additive Explanations)
enabled interpretable insights into the underlying decision factors, helping to identify
which variables most strongly influence individuals’ willingness to adopt HSR. Key
determinants included travel cost, travel time, income, and frequency of current
intercity travel.

The study’s findings contribute to the growing body of literature on

transport behavior modeling, particularly in the context of emerging economies where
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HSR adoption is still in the planning phase. Practically, the results offer evidence-based
recommendations for policymakers to develop strategies that support effective and
sustainable HSR implementation in Thailand. These may include fare structuring,
targeted marketing campaigns, and investment in multimodal connectivity.

In conclusion, this research reinforces the value of machine learning as a
robust and interpretable tool for transportation behavior analysis and highlights its

practical relevance for infrastructure planning in developing countries.

5.1.2 Analyzing High-Speed Rail’s Transformative Impact on Public

Transport in Thailand Using Machine Learning

Study 2: This study examined the potential impact of high-speed rail
(HSR) on intercity travel behavior in Thailand by applying advanced machine learning
techniques, particularly the CatBoost algorithm, in conjunction with Shapley Additive
Explanations (SHAP) for model interpretability. Based on data collected from 3,200
passengers across 16 provinces, the results reveal that HSR is likely to significantly alter
the landscape of intercity travel, with notable modal shifts anticipated from traditional
transport modes—especially buses and conventional trains—to HSR.

The machine learning model outperformed the traditional multinomial
logit (MNL) model in terms of predictive accuracy and its ability to capture non-linear,
high-dimensional relationships in travel behavior data. Key influencing factors identified
include travel cost, total travel time, waiting time, and access time, all of which
substantially affect the likelihood of choosing HSR.

Moreover, the findings suggest that HSR adoption will be most prominent
among middle-income travelers and those who currently rely on buses or short-haul
flishts. These insights offer valuable implications for transport policy design, particularly
in areas of pricing strategy, service frequency, and last-mile accessibility. By using
empirical, data-driven modeling approaches, this research contributes to filling a critical
knowledge gap in the Thai context and supports the formulation of sustainable,

efficient, and user-centered public transport development strategies in the era of HSR.
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5.1.3 Machine Learning-Based Analysis of Travel Mode Preferences: Neural
and Boosting Model Comparison Using Stated Preference Data from

Thailand’s Emerging High-Speed Rail Network

Study 3: This study aimed to compare the predictive performance of
traditional econometric models—specifically the Multinomial Logit (MNL) model—
with advanced machine learning techniques, including CatBoost, XGBoost, LightGBM,
Deep Neural Networks (DNN), and Convolutional Neural Networks (CNN), in forecasting
intercity travel mode choice behavior in the context of Thailand’s high-speed rail (HSR)
development. The analysis was based on stated preference (SP) data collected from
3,200 respondents across the country.

The results revealed that CatBoost outperformed all other models,
achieving the highest predictive performance with an AUC of 0.9113 and an accuracy
of 0.7557. In contrast, the MNL model—though interpretable—exhibited significantly
lower predictive accuracy and struggled to capture nonlinear relationships.

SHAP analysis indicated that travel cost, service frequency, and waiting
time were the most influential factors in mode choice, surpassing the influence of
sociodemographic variables such as income and gender. Notably, individuals with
higher incomes, frequent travel patterns, or larger household sizes were more likely to
choose HSR.

These findings highlight the potential of machine learning techniques in
uncovering complex behavioral patterns and demonstrate their practical value in
supporting data-driven, sustainable transport planning—particularly in the areas of fare
policy, service frequency design, and station accessibility for Thailand’s future HSR

system.

5.2  Recommendations

Based on the findings from the three integrated research articles presented in
this dissertation, it is evident that artificial intelligence techniques—particularly
machine learning and deep learning algorithms—hold substantial promise for
modeling and forecasting travel mode choices in the Thai context. These insights

provide a foundation for formulating policy recommendations aimed at infrastructure
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planning and the design of responsive public transport services. Moreover, the research
highlights practical considerations in data collection, survey design, and model
application that can enhance future studies. This section offers both policy-oriented
and academic recommendations aligned with the empirical results and suggests
directions for further research to support sustainable and data-driven mobility

development in Thailand.

5.2.1 Recommendations for A Machine Learning Comparison of
Transportation Mode Changes from High-Speed Railway Promotion

in Thailand

Based on the research findings, which demonstrate the effectiveness
of machine learning techniques—particularly XGBoost—in predicting travel mode
choice and identifying influential decision factors, the following recommendations are

proposed:
1)  Policy Recommendations

(1) Develop a competitive pricing structure for high-speed rail
(HSR) fares to ensure affordability and encourage mode shift

from private vehicles and air transport.

(2)  Promote multimodal integration by improving connections
between HSR and local transit systems, such as metros,

buses, and vans, to support seamless “door-to-door” travel.

(3) Launch public awareness campaigns that emphasize the
benefits of HSR in terms of speed, safety, environmental
sustainability, and long-term travel cost savings to increase

early public acceptance.
2) Academic and Research Recommendations

(1)  Conduct replication studies in other HSR corridors or regions

to validate the generalizability of the findings and compare
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(3)
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behavioral patterns across different geographic and

demographic groups.

Explore hybrid modeling approaches that integrate machine
learning with behavioral theories, such as the Theory of
Planned Behavior (TPB) or Discrete Choice Models, to
enhance both predictive accuracy and psychological

interpretability.

Develop interactive dashboards or decision-support tools
based on real-time or survey-based travel behavior data to
assist policymakers in dynamic and data-driven transport

planning.

5.2.2 Recommendations for Analyzing High-Speed Rail’s Transformative

Impact on Public Transport in Thailand Using Machine Learning

Based on the analysis, high-speed rail (HSR) is expected to significantly

influence intercity travel behavior among passengers. To ensure the effective

implementation of HSR, this study proposes policy recommendations and strategic

guidelines for planning a sustainable public transportation system in the future, as

follows.

1)

Develop targeted pricing strategies Policymakers should consider
implementing dynamic or tiered pricing structures that make HSR
attractive to middle-income and price-sensitive travelers. Fare
levels should be competitive with intercity buses and low-cost
airlines to promote modal shift.

Enhance service frequency and travel time efficiency To fully
capitalize on HSR’s advantages, planners should ensure frequent
departures and minimal total travel time, including reduced waiting
and transfer durations. These operational improvements will

increase perceived convenience and encourage adoption.
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3) Improve first-mile and last-mile connectivity Investments in feeder
systems—such as shuttle buses, park-and-ride facilities, or
integrated ticketing with local transit—are critical to enhance access
to HSR stations and ensure seamless multimodal journeys.

4) Conduct public awareness and behavioral campaigns A nationwide
communication strategy should be developed to educate the
public about the benefits, reliability, and convenience of HSR,
particularly in regions where travel habits are firmly rooted in bus
or car usage.

5) Utilize machine learning for continuous transport planning Agencies
should incorporate machine learning methods, such as CatBoost
and SHAP, into routine travel behavior analysis and forecasting.
These tools offer more accurate and interpretable insights,
especially in complex, data-rich environments.

6) Reassess infrastructure investments in conventional modes As HSR
adoption grows, policymakers must reassess the role and
investment priorities of traditional modes (e.g., long-distance buses
and conventional rail), including strategies for complementary or
restructured services.

7) Expand research using revealed preference data Future studies
should build on this research by incorporating revealed preference
(RP) data after the actual launch of HSR services in Thailand, to

validate and refine predictive models and policy recommendations.

5.2.3 Recommendations for Machine Learning-Based Analysis of Travel
Mode Preferences: Neural and Boosting Model Comparison Using
Stated Preference Data from Thailand’s Emerging High-Speed Rail
Network

Based on the findings of this study, the following recommendations are

proposed to enhance the adoption and efficiency of high-speed rail (HSR) in Thailand:
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1) Implement Competitive and Flexible Fare Structures Offer tiered
pricing, promotional discounts, and integrated fare options (e.g.,
monthly passes or multimodal bundles) to improve affordability

and attract cost-sensitive travelers.

2) Increase Service Frequency and Reduce Waiting Times Enhancing
schedule regularity and minimizing waiting time can significantly

improve service reliability, a key factor in influencing mode choice.

3) Improve Accessibility to HSR Stations Develop efficient first-mile and
last-mile connectivity—such as shuttle buses, park-and-ride
facilities, and integration with local transit systems—to reduce

access time and inconvenience.

4) Target Frequent and High-Value Travelers Focus marketing and
service design on traveler segments with high potential adoption
rates, such as business travelers, regular intercity commuters, and

households with higher income.

5) Leverage Data-Driven Planning Tools Integrate machine learning
techniques and interpretable models (e.g., SHAP analysis) into
transport planning processes to better understand user preferences

and adapt policies accordingly.

6) Enhance Public Awareness and User Confidence Promote HSR
benefits—such as time savings, comfort, and sustainability—
through public communication campaigns to foster early adoption

and build trust among new users.

5.3  Practical Applications of the Developed Models

The operational architecture of the proposed models comprises three core
components: inputs, processes, and outputs. The input stage involves travel attribute
data such as fares, in-vehicle travel time, station access time, service frequency/waiting
time, as well as socioeconomic and demographic information, station location and

accessibility, historical ticket sales, and mode choice data (when available). The
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process begins with data cleaning and preprocessing, followed by feature engineering
tailored to the research objectives. The models are then tuned or calibrated to align
with real-world conditions before conducting scenario simulations and calculating
elasticities, which are subsequently transformed into decision-oriented performance
indicators. The output stage delivers key metrics including mode share by passenger
segment, forecasted ridership by route-station—time period, revenue projections, load
factors, train/capacity requirements, greenhouse gas (GHG) reduction estimates, and
socio-economic and financial feasibility indicators.

In terms of policy formulation and strategic planning, the models can directly
address key policy questions such as “How would changes in fares, service frequency,
or station accessibility affect HSR acceptance and market share?”. Policy levers are
operationalized into model variables, with fares represented as travel cost, service
frequency as waiting time, in-vehicle travel time, and station access time. Baseline
models are calibrated to reflect observed data, and policy scenarios such as 10-30%
fare reductions, 20-50% frequency increases, or improved first/last-mile connectivity
are tested. The Multinomial Logit Model (MNL) provides clear interpretability for policy
rationale, while CatBoost, LightGBM, and XGBoost enhance predictive accuracy for
identifying cost-effective policy packages.

For market segmentation and targeted promotion, the models can identify
passenger segments with a high likelihood of adopting HSR. CatBoost effectively
handles categorical variables such as income, occupation, and trip purpose without
complex data transformations, enabling precise segmentation. Feature importance
methods such as SHAP reveal the key drivers of choice within each segment, allowing
the design of tailored marketing measures including monthly passes for frequent
travelers, off-peak discounts, or integrated first/last-mile bundles. These measures can
then be evaluated through scenario simulations to maximize return on marketing
investment.

In operational optimization, the models can forecast daily and time-specific
demand by incorporating seasonal effects, day-of-week patterns, special events, and
recent ticket sales data. This supports operational decisions such as setting optimal

headways, allocating trainsets, and managing seating to maintain target load factors.
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By updating the models with near-real-time data and recalibrating at regular intervals,
operators can dynamically adjust operations while continuously monitoring key
performance indicators (KPIs) such as load factor, on-time performance, seat spoilage,
and EBITDA per train-kilometer to improve efficiency and service quality.

Regarding scenario analysis and risk management, the models can perform
“what-if” analyses to assess the impacts of uncertain external factors such as fuel price
volatility, competition from alternative transport modes, or macroeconomic
downturns. Monte Carlo simulations combined with CatBoost or XGBoost can quantify
these risks, while sensitivity analysis can identify the most influential variables. This
enables the development of trigger-based contingency plans that can be activated

when specific risk conditions occur.

In the context of sustainability and long-term planning, the models can quantify
environmental benefits such as GHG emissions reductions from mode shifts from road
or air to rail. They can estimate the social value of time savings and conduct benefit-
cost analyses (BCA) to inform infrastructure investment decisions. Additionally, the
models can support the preparation of sustainability reports aligcned with Sustainable
Development Goals (SDGs) and Net-Zero targets, positioning HSR as both an economic
growth driver and a long-term environmental asset. Model selection should be aligned
with  application objectives, with  MNL suited for policy interpretation,
CatBoost/LightGBM/XGBoost for fast and accurate simulation and forecasting, and
DNN/CNN for multi-dimensional or spatial-urban planning integration in long-range

analyses.
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The Questionary of Artificial Intelligence Methods Applying for
the Prediction of High-Speed Rail Passengers



The Questionary of Artificial Intelligence Methods Applying
for the Prediction of High-Speed Rail Passengers

Purpose: to develop the
model for the amount prediction of high-speed rail passenger

The questionnaire was divided into 2 parts which are

Section I: General Information of the Answerers

Section II: Travel Information by High-Speed Rail in the Future of Thailand
I agree to answer the questionnaire ) agree disagree
Section I: General Information of the Respondents
Explanation: Please mark  in front of the answer that corrects to the truth
1.1) Gender 1) Male 2) Female 3) N/A
1.2) Residence Province.......c.ccccoueveuenee. District.....cccoceeviiiciienes Sub-district......c.ccoreiririninenee.
1.3) The amount of family members 1) 1 person  2) 2 people  3) 3 people

4) 4 people 5) more than 4 people

1.4) The amount of family children (lower than 18 years old)

1) none 2) 1 person 3) 2 people 4) more than 3 people
1.5) Average household income ..., baht/month (The information is important to the
analysis, please give this information and it will be secret)

1.6) The amount of possessive vehicle Motorcycle.................... vehicles
Car....ccocveeenes vehicles
Others ..o vehicles

1.7) What are the most travel objectives when you travel between the provinces?
1) study/ work 2) rest/ travel
3) shopping 4) Others........ccccouvvne.
1.8) How much frequency for travel between the provinces per year?
1) 1-3 times 2) 3-6 times 3) 6-9 times 4) more than 9 times

1.9) If the high-speed rail service will open in the future, would you like to choose its
service?

1) Yes 2) No
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Section II: Travel Information by High-Speed Rail in the Future of Thailand

Explanation: Please consider the following situations carefully. If you would like to travel
in these mentioned situations, which travel mode will you choose for travel as the
conditions in the charts?

Set 1: Simulation, if you would like to travel from Bangkok to Chiangmai for an errand of 700
kilometers

. Travel Modes

Point 1 Bus HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 190
Which travel mode will you choose?

Point 2 Bu;l"ravel Mode:I =
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 220
Which travel mode will you choose?

. Travel Modes

Point 3 Bus HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 190
Which travel mode will you choose?

Point 4 Bu;l"ravel Mode;,I =
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 220
Which travel mode will you choose?
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Point 5 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?
Point 6 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 220
Which travel mode will you choose?
el Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?
, Travel Modes
i Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 220

Which travel mode will you choose?
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Point 9 Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 190
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 190
Which travel mode will you choose?
Point 10 : Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 190
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 220
Which travel mode will you choose?
’ Travel Modes
Faly! Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 190
Which travel mode will you choose?
) Travel Modes
et Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 220

Which travel mode will you choose?




: Questionary Set 2 :

1 Code.........ooooviiiniiinnnn, :

The Questionary of Artificial Intelligence Methods Applying || Province....................... 1
for the Prediction of High-Speed Rail Passengers I District..........ocooen |

: Sub-district................ !

Purpose: to develop the model for the amount prediction of high-speed rail passenger
The questionnaire was divided into 2 parts which are

Section I: General Information of the Answerers

Section II: Travel Information by High-Speed Rail in the Future of Thailand
I agree to answer the questionnaire ) agree disagree
Section I: General Information of the Respondents
Explanation: Please mark  in front of the answer that corrects to the truth
1.1) Gender 1) Male 2) Female 3) N/A
1.2) Residence Province........cccccovueuneaee. District.....cccoceeiicicinenes Sub-district......c.ccorueiririninnnee.
1.3) The amount of family members 1)1 person  2) 2 people  3) 3 people

4) 4 people 5) more than 4 people

1.4) The amount of family children (lower than 18 years old)

1) none 2) 1 person 3) 2 people 4) more than 3 people
1.5) Average household income ............cccccovvvennnc.. baht/month (The information is important to the
analysis, please give this information and it will be secret)

1.6) The amount of possessive vehicle Motorcycle.................... vehicles
(@F:} vehicles
Others .......ccccoeveae vehicles

1.7) What are the most travel objectives when you travel between the provinces?
1) study/ work 2) rest/ travel
3) shopping 4) Others........cccccevuee.
1.8) How much frequency for travel between the provinces per year?
1) 1-3 times 2) 3-6 times 3) 6-9 times 4) more than 9 times

1.9) If the high-speed rail service will open in the future, would you like to choose its
service?

1) Yes 2) No



Section II: Travel Information by High-Speed Rail in the Future of Thailand

Explanation: Please consider the following situations carefully. If you would like to travel

in these mentioned situations, which travel mode will you choose for travel as the

conditions in the charts?

Set 1: Simulation, if you would like to travel from Bangkok to Chiangmai for an errand of 700

kilometers

Point 1 Bu;l"ravel Mode;I =
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 190
Which travel mode will you choose?

Point 2 _ Travel Mode:I =

us
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 220
Which travel mode will you choose?
h Travel Modes

Point 3 Bus HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 190
Which travel mode will you choose?

Point 4 Bu;l"ravel Mode;,I =
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 220

Which travel mode will you choose?
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Point 5 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?
Point 6 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 220
Which travel mode will you choose?
Poiat 7 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?
| Travel Modes
g Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 220
Which travel mode will you choose?




Point 9 Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 15
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 190
Which travel mode will you choose?
. Travel Modes
Point 10 Airplane HSR
Time for traveling from house to the station (minutes) 30 15
Time for waiting to use the service (minutes) 120 15
(time for waiting to get into the ride)
Travel time (minutes) 135 190
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 220
Which travel mode will you choose?
pdetli Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 15
Time for waiting to use the service (minutes) 120 15
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 190
Which travel mode will you choose?
| Travel Modes
T Airplane HSR
Time for traveling from house to the station (minutes) 30 15
Time for waiting to use the service (minutes) 120 15
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 220

Which travel mode will you choose?




: Questionary Set 3 :

1 Code.........ooooviiiniiinnnn, :

The Questionary of Artificial Intelligence Methods Applying || Province....................... 1
for the Prediction of High-Speed Rail Passengers I District..........ocooen |

: Sub-district................ !

Purpose: to develop the model for the amount prediction of high-speed rail passenger
The questionnaire was divided into 2 parts which are

Section I: General Information of the Answerers

Section II: Travel Information by High-Speed Rail in the Future of Thailand
I agree to answer the questionnaire ) agree disagree
Section I: General Information of the Respondents
Explanation: Please mark  in front of the answer that corrects to the truth
1.1) Gender 1) Male 2) Female 3) N/A
1.2) Residence Province........cccccovueuneaee. District.....cccoceeiicicinenes Sub-district......c.ccorueiririninnnee.
1.3) The amount of family members 1)1 person  2) 2 people  3) 3 people

4) 4 people 5) more than 4 people

1.4) The amount of family children (lower than 18 years old)

1) none 2) 1 person 3) 2 people 4) more than 3 people
1.5) Average household income ............cccccovvvennnc.. baht/month (The information is important to the
analysis, please give this information and it will be secret)

1.6) The amount of possessive vehicle Motorcycle.................... vehicles
(@F:} vehicles
Others .......ccccoeveae vehicles

1.7) What are the most travel objectives when you travel between the provinces?
1) study/ work 2) rest/ travel
3) shopping 4) Others........cccccevuee.
1.8) How much frequency for travel between the provinces per year?
1) 1-3 times 2) 3-6 times 3) 6-9 times 4) more than 9 times

1.9) If the high-speed rail service will open in the future, would you like to choose its
service?

1) Yes 2) No



Section II: Travel Information by High-Speed Rail in the Future of Thailand

Explanation: Please consider the following situations carefully. If you would like to travel

in these mentioned situations, which travel mode will you choose for travel as the

conditions in the charts?

Set 1: Simulation, if you would like to travel from Bangkok to Chiangmai for an errand of 700

kilometers

Point 1 Bu;l"ravel Mode;I =
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 190
Which travel mode will you choose?

Point 2 _ Travel Mode:I =

us
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 220
Which travel mode will you choose?
. Travel Modes

Point 3 Bus HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 190
Which travel mode will you choose?

Point 4 Bu;l"ravel Mode;,I =
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 220

Which travel mode will you choose?
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Point 5 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?
Point 6 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 220
Which travel mode will you choose?
Poiat 7 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?
| Travel Modes
g Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 220
Which travel mode will you choose?




Point 9 Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 190
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 190
Which travel mode will you choose?
. Travel Modes
Point 10 Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 190
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 220
Which travel mode will you choose?
pdetli Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 190
Which travel mode will you choose?
| Travel Modes
T Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 220

Which travel mode will you choose?




: Questionary Set 4 :

1 Code.........ooooviiiniiinnnn, :

The Questionary of Artificial Intelligence Methods Applying || Province....................... 1
for the Prediction of High-Speed Rail Passengers I District..........ocooen |

: Sub-district................ !

Purpose: to develop the model for the amount prediction of high-speed rail passenger
The questionnaire was divided into 2 parts which are

Section I: General Information of the Answerers

Section II: Travel Information by High-Speed Rail in the Future of Thailand
I agree to answer the questionnaire ) agree disagree
Section I: General Information of the Respondents
Explanation: Please mark  in front of the answer that corrects to the truth
1.1) Gender 1) Male 2) Female 3) N/A
1.2) Residence Province........cccccovueuneaee. District.....cccoceeiicicinenes Sub-district......c.ccorueiririninnnee.
1.3) The amount of family members 1)1 person  2) 2 people  3) 3 people

4) 4 people 5) more than 4 people

1.4) The amount of family children (lower than 18 years old)

1) none 2) 1 person 3) 2 people 4) more than 3 people
1.5) Average household income ............cccccovvvennnc.. baht/month (The information is important to the
analysis, please give this information and it will be secret)

1.6) The amount of possessive vehicle Motorcycle.................... vehicles
(@F:} vehicles
Others .......ccccoeveae vehicles

1.7) What are the most travel objectives when you travel between the provinces?
1) study/ work 2) rest/ travel
3) shopping 4) Others........cccccevuee.
1.8) How much frequency for travel between the provinces per year?
1) 1-3 times 2) 3-6 times 3) 6-9 times 4) more than 9 times

1.9) If the high-speed rail service will open in the future, would you like to choose its
service?

1) Yes 2) No



Section II: Travel Information by High-Speed Rail in the Future of Thailand

Explanation: Please consider the following situations carefully. If you would like to travel

in these mentioned situations, which travel mode will you choose for travel as the

conditions in the charts?

Set 1: Simulation, if you would like to travel from Bangkok to Chiangmai for an errand of 700

kilometers

Point 1 Bu;l"ravel Mode;I =
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 190
Which travel mode will you choose?

Point 2 _ Travel Mode:I =

us
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 220
Which travel mode will you choose?
h Travel Modes

Point 3 Bus HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 190
Which travel mode will you choose?

Point 4 Bu;l"ravel Mode;,I =
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 220

Which travel mode will you choose?
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Point 5 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?
Point 6 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 220
Which travel mode will you choose?
Poiat 7 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?
| Travel Modes
g Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 220
Which travel mode will you choose?




Point 9 Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 15
(time for waiting to get into the ride)
Travel time (minutes) 135 190
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 190
Which travel mode will you choose?
. Travel Modes
Point 10 Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 15
(time for waiting to get into the ride)
Travel time (minutes) 135 190
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 220
Which travel mode will you choose?
pdetli Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 15
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 190
Which travel mode will you choose?
| Travel Modes
T Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 15
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 220

Which travel mode will you choose?




: Questionary Set 5 :

1 Code.........ooooviiiniiinnnn, :

The Questionary of Artificial Intelligence Methods Applying || Province....................... 1
for the Prediction of High-Speed Rail Passengers I District..........ocooen |

: Sub-district................ !

Purpose: to develop the model for the amount prediction of high-speed rail passenger
The questionnaire was divided into 2 parts which are

Section I: General Information of the Answerers

Section II: Travel Information by High-Speed Rail in the Future of Thailand
I agree to answer the questionnaire ) agree disagree
Section I: General Information of the Respondents
Explanation: Please mark  in front of the answer that corrects to the truth
1.1) Gender 1) Male 2) Female 3) N/A
1.2) Residence Province........cccccovueuneaee. District.....cccoceeiicicinenes Sub-district......c.ccorueiririninnnee.
1.3) The amount of family members 1)1 person  2) 2 people  3) 3 people

4) 4 people 5) more than 4 people

1.4) The amount of family children (lower than 18 years old)

1) none 2) 1 person 3) 2 people 4) more than 3 people
1.5) Average household income ............cccccovvvennnc.. baht/month (The information is important to the
analysis, please give this information and it will be secret)

1.6) The amount of possessive vehicle Motorcycle.................... vehicles
(@F:} vehicles
Others .......ccccoeveae vehicles

1.7) What are the most travel objectives when you travel between the provinces?
1) study/ work 2) rest/ travel
3) shopping 4) Others........cccccevuee.
1.8) How much frequency for travel between the provinces per year?
1) 1-3 times 2) 3-6 times 3) 6-9 times 4) more than 9 times

1.9) If the high-speed rail service will open in the future, would you like to choose its
service?

1) Yes 2) No



Section II: Travel Information by High-Speed Rail in the Future of Thailand

Explanation: Please consider the following situations carefully. If you would like to travel

in these mentioned situations, which travel mode will you choose for travel as the

conditions in the charts?

Set 1: Simulation, if you would like to travel from Bangkok to Chiangmai for an errand of 700

kilometers

Point 1 Bu;l"ravel Mode;I =
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 220
Which travel mode will you choose?

Point 2 _ Travel Mode:I =

us
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 190
Which travel mode will you choose?
h Travel Modes

Point 3 Bus HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 220
Which travel mode will you choose?

Point 4 Bu;l"ravel Mode;,I =
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 190

Which travel mode will you choose?
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Point 5 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 220
Which travel mode will you choose?
Point 6 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?
Poiat 7 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 220
Which travel mode will you choose?
| Travel Modes
g Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?




Point 9 Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 190
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 220
Which travel mode will you choose?
. Travel Modes
Point 10 Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 190
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 190
Which travel mode will you choose?
pdetli Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 220
Which travel mode will you choose?
| Travel Modes
T Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 190

Which travel mode will you choose?




: Questionary Set 6 :

1 Code.........ooooviiiniiinnnn, :

The Questionary of Artificial Intelligence Methods Applying || Province....................... 1
for the Prediction of High-Speed Rail Passengers I District..........ocooen |

: Sub-district................ !

Purpose: to develop the model for the amount prediction of high-speed rail passenger
The questionnaire was divided into 2 parts which are

Section I: General Information of the Answerers

Section II: Travel Information by High-Speed Rail in the Future of Thailand
I agree to answer the questionnaire ) agree disagree
Section I: General Information of the Respondents
Explanation: Please mark  in front of the answer that corrects to the truth
1.1) Gender 1) Male 2) Female 3) N/A
1.2) Residence Province........cccccovueuneaee. District.....cccoceeiicicinenes Sub-district......c.ccorueiririninnnee.
1.3) The amount of family members 1)1 person  2) 2 people  3) 3 people

4) 4 people 5) more than 4 people

1.4) The amount of family children (lower than 18 years old)

1) none 2) 1 person 3) 2 people 4) more than 3 people
1.5) Average household income ............cccccovvvennnc.. baht/month (The information is important to the
analysis, please give this information and it will be secret)

1.6) The amount of possessive vehicle Motorcycle.................... vehicles
(@F:} vehicles
Others .......ccccoeveae vehicles

1.7) What are the most travel objectives when you travel between the provinces?
1) study/ work 2) rest/ travel
3) shopping 4) Others........cccccevuee.
1.8) How much frequency for travel between the provinces per year?
1) 1-3 times 2) 3-6 times 3) 6-9 times 4) more than 9 times

1.9) If the high-speed rail service will open in the future, would you like to choose its
service?

1) Yes 2) No



Section II: Travel Information by High-Speed Rail in the Future of Thailand

Explanation: Please consider the following situations carefully. If you would like to travel

in these mentioned situations, which travel mode will you choose for travel as the

conditions in the charts?

Set 1: Simulation, if you would like to travel from Bangkok to Chiangmai for an errand of 700

kilometers

Point 1 Bu;l"ravel Mode;I =
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 220
Which travel mode will you choose?

Point 2 _ Travel Mode:I =

us
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 190
Which travel mode will you choose?
h Travel Modes

Point 3 Bus HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 220
Which travel mode will you choose?

Point 4 Bu;l"ravel Mode;,I =
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 190

Which travel mode will you choose?
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Point 5 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 220
Which travel mode will you choose?
Point 6 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?
Poiat 7 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 220
Which travel mode will you choose?
| Travel Modes
g Train HSR
Time for traveling from house to the station (minutes) 10 10
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?




Point 9 Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 15
(time for waiting to get into the ride)
Travel time (minutes) 135 190
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 220
Which travel mode will you choose?
. Travel Modes
Point 10 Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 15
(time for waiting to get into the ride)
Travel time (minutes) 135 190
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 190
Which travel mode will you choose?
pdetli Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 15
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 220
Which travel mode will you choose?
| Travel Modes
T Airplane HSR
Time for traveling from house to the station (minutes) 30 10
Time for waiting to use the service (minutes) 120 15
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 190

Which travel mode will you choose?




" AT " " ! Questionary Set 7 :
The Questionary of Artificial Intelligence Methods Applying || coge. . !
for the Prediction of High-Speed Rail Passengers | Province...................... 1
1 District........................ :
1
1

Purpose: to develop the model for the amount prediction of high-speed rail passenger
The questionnaire was divided into 2 parts which are

Section I: General Information of the Answerers

Section II: Travel Information by High-Speed Rail in the Future of Thailand
I agree to answer the questionnaire _ agree disagree
Section I: General Information of the Respondents
Explanation: Please mark  in front of the answer that corrects to the truth
1.1) Gender 1) Male 2) Female 3) N/A
1.2) Residence Province.......c.ccccoeueuaeee. District....cccoceeiiiicnenes Sub-district......c.ccerviririninnnee.
1.3) The amount of family members 1)1 person  2)2 people  3) 3 people

4) 4 people 5) more than 4 people

1.4) The amount of family children (lower than 18 years old)

1) none 2) 1 person 3) 2 people 4) more than 3 people
1.5) Average household income ....................cccoccec... baht/month (The information is important to the
analysis, please give this information and it will be secret)

1.6) The amount of possessive vehicle Motorcycle................... vehicles
(@F: R vehicles
Others ......cccoeuevune. vehicles

1.7) What are the most travel objectives when you travel between the provinces?
1) study/ work 2) rest/ travel
3) shopping 4) Others.......cccceuvenne.
1.8) How much frequency for travel between the provinces per year?
1) 1-3 times 2) 3-6 times 3) 6-9 times 4) more than 9 times

1.9) If the high-speed rail service will open in the future, would you like to choose its
service?

1) Yes 2) No



Section II: Travel Information by High-Speed Rail in the Future of Thailand

Explanation: Please consider the following situations carefully. If you would like to travel

in these mentioned situations, which travel mode will you choose for travel as the

conditions in the charts?

Set 1: Simulation, if you would like to travel from Bangkok to Chiangmai for an errand of 700

kilometers

Point 1 Bu;l"ravel Mode;I =
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 220
Which travel mode will you choose?

Point 2 _ Travel Mode:I =

us
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 190
Which travel mode will you choose?
h Travel Modes

Point 3 Bus HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 220
Which travel mode will you choose?

Point 4 Bu;l"ravel Mode;,I =
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 190

Which travel mode will you choose?
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Point 5 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 220
Which travel mode will you choose?
Point 6 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?
Poiat 7 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 220
Which travel mode will you choose?
| Travel Modes
g Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 10
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?




Point 9 Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 15
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 190
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 220
Which travel mode will you choose?
. Travel Modes
Point 10 Airplane HSR
Time for traveling from house to the station (minutes) 30 15
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 190
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 190
Which travel mode will you choose?
pdetli Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 15
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 220
Which travel mode will you choose?
| Travel Modes
T Airplane HSR
Time for traveling from house to the station (minutes) 30 15
Time for waiting to use the service (minutes) 120 10
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 190

Which travel mode will you choose?




: Questionary Set 8 :

1 Code.........ooooviiiniiinnnn, :

The Questionary of Artificial Intelligence Methods Applying || Province....................... 1
for the Prediction of High-Speed Rail Passengers I District..........ocooen |

: Sub-district................ !

Purpose: to develop the model for the amount prediction of high-speed rail passenger
The questionnaire was divided into 2 parts which are

Section I: General Information of the Answerers

Section II: Travel Information by High-Speed Rail in the Future of Thailand
I agree to answer the questionnaire ) agree disagree
Section I: General Information of the Respondents
Explanation: Please mark  in front of the answer that corrects to the truth
1.1) Gender 1) Male 2) Female 3) N/A
1.2) Residence Province........cccccovueuneaee. District.....cccoceeiicicinenes Sub-district......c.ccorueiririninnnee.
1.3) The amount of family members 1)1 person  2) 2 people  3) 3 people

4) 4 people 5) more than 4 people

1.4) The amount of family children (lower than 18 years old)

1) none 2) 1 person 3) 2 people 4) more than 3 people
1.5) Average household income ............cccccovvvennnc.. baht/month (The information is important to the
analysis, please give this information and it will be secret)

1.6) The amount of possessive vehicle Motorcycle.................... vehicles
(@F:} vehicles
Others .......ccccoeveae vehicles

1.7) What are the most travel objectives when you travel between the provinces?
1) study/ work 2) rest/ travel
3) shopping 4) Others........cccccevuee.
1.8) How much frequency for travel between the provinces per year?
1) 1-3 times 2) 3-6 times 3) 6-9 times 4) more than 9 times

1.9) If the high-speed rail service will open in the future, would you like to choose its
service?

1) Yes 2) No



Section II: Travel Information by High-Speed Rail in the Future of Thailand

Explanation: Please consider the following situations carefully. If you would like to travel

in these mentioned situations, which travel mode will you choose for travel as the

conditions in the charts?

Set 1: Simulation, if you would like to travel from Bangkok to Chiangmai for an errand of 700

kilometers

Point 1 Bu;l"ravel Mode;I =
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 220
Which travel mode will you choose?

Point 2 _ Travel Mode:I =

us
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 190
Which travel mode will you choose?
. Travel Modes

Point 3 Bus HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1050
Waiting time for the next round of the ride (minutes) 30 220
Which travel mode will you choose?

Point 4 Bu;l"ravel Mode;,I =
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 15 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 750 1400
Waiting time for the next round of the ride (minutes) 30 190

Which travel mode will you choose?
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Point 5 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 220
Which travel mode will you choose?
Point 6 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 190
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?
Poiat 7 Travel Modes
Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1050
Waiting time for the next round of the ride (minutes) 150 220
Which travel mode will you choose?
| Travel Modes
g Train HSR
Time for traveling from house to the station (minutes) 10 15
Time for waiting to use the service (minutes) 10 15
(time for waiting to get into the ride)
Travel time (minutes) 720 220
Travel cost (baht) 300 1400
Waiting time for the next round of the ride (minutes) 150 190
Which travel mode will you choose?




Point 9 Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 15
Time for waiting to use the service (minutes) 120 15
(time for waiting to get into the ride)
Travel time (minutes) 135 190
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 220
Which travel mode will you choose?
. Travel Modes
Point 10 Airplane HSR
Time for traveling from house to the station (minutes) 30 15
Time for waiting to use the service (minutes) 120 15
(time for waiting to get into the ride)
Travel time (minutes) 135 190
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 190
Which travel mode will you choose?
pdetli Travel Modes
Airplane HSR
Time for traveling from house to the station (minutes) 30 15
Time for waiting to use the service (minutes) 120 15
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1050
Waiting time for the next round of the ride (minutes) 120 220
Which travel mode will you choose?
| Travel Modes
T Airplane HSR
Time for traveling from house to the station (minutes) 30 15
Time for waiting to use the service (minutes) 120 15
(time for waiting to get into the ride)
Travel time (minutes) 135 220
Travel cost (baht) 3000 1400
Waiting time for the next round of the ride (minutes) 120 190

Which travel mode will you choose?
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Descriptive Statistics of Survey Variables



Table B.1 Descriptive Statistics of Survey Variables
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Standard
Variable Value Count | Percent | Mean Variance
Deviation
O=Female 1507 47.09
GENDER 0.53 0.50 0.25
1=Male 1693 5291
1=1 person | 321 10.03
2=2 person | 615 19.22
3=3 person | 890 27.81
Household
4=4 person | 991 30.97 3.16 1.17 1.36
members
5=More
than four 383 11.97
people
0=Do not
Have children
have 1307 40.84
in household
children 0.59 0.49 0.24
(younger than
1=Have
18 years old) 1893 59.16
children
1=Less than
90
15,000 Baht 2.81
2=15,000 -
1,078
30,000 Baht 33.69
Household
3=30,001 - 2.9997 | 0.917851114 | 0.84245
income 775
45,000 Baht 24.22
4=More
than 45,000 | 1,257
Baht 39.28
0=None 366 11.44
1=0One
Number of 1648 51.50
vehicle 1.33 0.79 0.62
Motorcycles
2=Two
980 30.63

vehicles




Table B.1 Descriptive Statistics of Survey Variables (Continued)
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Standard
Variable Value Count | Percent | Mean Variance
Deviation
3=Three
178 5.56
vehicles
4=Four
23 0.72
vehicles
5=Five or
more 5 0.16
vehicles
0O=None 705 22.03
1=0One
1826 57.06
vehicle
2=Two
533 16.66
vehicles
3=Three
101 3.16
vehicles
Number of Cars 1.05 0.80 0.64
4=Four
23 0.72
vehicles
5=Five
11 0.34
vehicles
6=Six or
more 1 0.03
vehicles
0O=None 3193 99.78
Number of
1= 3 0.09 0.00 0.08 0.01
Other Vehicles
2= a 0.12
Travel purpose | 0=No 2130 66.56
0.33 0.47 0.22
for study/work | 1=Yes 1070 33.44




Table B.1 Descriptive Statistics of Survey Variables (Continued)
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Standard
Variable Value Count | Percent | Mean Variance
Deviation
Travel purpose | 0=No 1572 49.12
for 0.51 0.50 0.25
1628 50.88
leisure/vacation | 1=Yes
Travel purpose | 0=No 2795 87.34
0.13 0.33 0.11
for shopping 1=Yes 405 12.66
1=1-3 times | 1018 31.81
Travel
2=3-6 times | 986 30.81
frequency
3=6-9 times | 461 14.41
between 2.29 1.14 1.30
. 4=More
provinces per
than nine 735 22.97
year
times
0=Not
Choose High- 393 12.28
choose 0.88 0.33 0.11
Speed Railways
1=Choose 2807 87.72
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Table B.2 Mode Choice between Current Transport and High-Speed Rail by BOX Group

BOX Mode Current HSR Current % HSR %
BUS 445 1189 27.23 72.77
1 TRAIN 435 1179 26.95 73.05
AR 227 1397 13.98 86.02
BUS 406 1170 25.76 74.24
2 TRAIN 397 1179 25.19 74.81
AR 281 1295 17.83 82.17
BUS 434 1110 28.11 71.89
3 TRAIN 437 1107 283 717
AIR 314 1230 20.34 79.66
BUS 336 1160 22.46 77.54
4 TRAIN 345 1151 23.06 76.94
AR 239 1257 15.98 84.02
BUS 350 1382 20.21 79.79
5 TRAIN 421 1311 24.31 75.69
AR 210 1522 12.12 87.88
BUS 359 1253 22.27 77.73
6 TRAIN 380 1232 23.57 76.43
AIR 180 1432 11.17 88.83
BUS 455 1229 27.02 72.98
7 TRAIN aa7 1237 26.54 73.46
AR 305 1379 18.11 81.89
BUS 388 1144 25.33 74.67
8 TRAIN 405 1127 26.44 73.56
AR 246 1286 16.06 83.94
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Traved mode chalce and ic growth. While mast research has focused on
Stated preference survey msdn;lnvdmob!ﬂascars,bnsa,amlplma,mmuamnmclxkdunl)mnnfumnmpoﬂ
Axmeel eluior choices, particularly in developing countries like Thailand. This study addresses this gap by analyzing the factors
Gradient boosting 3 7 p R %
SHAP analysis flh ng High-Speed Railways adoption to inform future traveler decisions. The comparison of models for
- di Hnghs Rails usage led that CatBoost consistently outperformed the other models, with
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and a relatively lower AUC of 0. 8161 = 0. m67 Its specificity (0.7140 -+ 0.0129), precision (0.7376 = 0.0085),
and F1 score (0.7513 £ 0.0055) were moderate, but it struggled with handling imbakanced data. In contrast,
XGBoost delivered significantly stronger results, with an accuracy of 0.8846 = 0.0068, sensitivity of 0.9210 +
0.0094, and an AUC of 0.9583 + 0.0036. XGBoast also achieved high specificity (0.8464 oz 0 0062), precision

(0.8630 + 0.0055), and an Pl score (0.8910 + 0.0067). LightGBM also ¢ d well, ing an y of
0.8763 = 0.0077 and a relatively high sensitivity of 0.9358 & 00071 it lower ificil
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context. These factors include travel time, access time, service frequency, cost, waiting time, household income,
automobile ownership, gender, and the purpase of travel. This information is valuable for shaping policies to
support High-Speed Railways adoption in Thailand.
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infrastruciure but also directly influence peoples travel choices, as they
provide an alternative mode of transpart that competes with traditional
wravel methods, such as buses, airplanes, and private cars. This compe-
tition has the potential o reshape raveler behavior, especially in
developing nations like Thailand, where ransportation options are
limited.

While most studies have focused on current travel modes such as
private cars, traing, buses, and planes, there is a notable lack of analysis
an future transportation mode choices, especially in developing nations
such & Thailand, which plans 1o introduce a High-Speed Railways —an

ted mode of travel in the country.

High-Speed Railways are the primary infrastructure for iransporting
pamsengers and are wied in many countries [2). Research indi that

Risules in Englweering 24 (3024 107110

techniques [4,24 321 Travel mode choice is influenced by subjective
Eactors (g, age, income, car ownership) (35 37], area determinanns (e
£, population density), and passenger perceptions (e.g., policies, and
fees) [38 43). Spatial factors like land wse and ravel costs also affect
choices, with studies showing different preferences in the USA and
Germany due 1o varying transit policies [44 46]. In Thailand,
public-private parinerships (PPP) play a eritical role in High-Speed
Railways development. Sresakoolchai and Kapwunruen [44] high-
lighted how PPPs improve accessibility and cost control, promoling
High-Speed Railways adoption. However, operational isues in Bang-
kok’s Afrport Rail Link have hindered public transport use, though im-

High-Speed Railways considerably benefit a country's econamic devel-
opment, particularly in underdeveloped regions [7]. High-Speed Rail-
wiys reduce travel time, improve labor marker efficiency, and foster
econamic connections, while also lowering road aceidents and pallution
[4 6]. These benefits contribute 1o shifis in traveler preferences and
maode choices, as individuals inereagingly favor quicker, safer, and more
environmentally friendly travel al ives. Effective portation
planning is necedsary 1o achieve these benefits, including evaluating
wravel options [7). In Thailand, where High-Speed Railways is yet 1o be
implemented, understanding traveler artitudes i critical for assessing its
future impact [5,9). By influencing factors such as iravel time, cost, and
convenience, High-Speed Railways could potentially shift a significant
portion of the population from existing travel modes o High-Speed
Railways, necessitating government policies 1o encourage such a tran-
gition once the High-Speed Railways is operational. High-Speed Rail-
wiys are expected o compete with or replace airlines, buses, and private
carg, requiring government policies that promote their wse after
congtruction.

Several factors inflluence travel mode choices, such as demographics,
wravel altributes (distance, cost, convenience), safery, and land use [4,
10-17]. Traditional models like binary logit (BL) and multinomial ogit
(MMNL) have been widely wsed 1o study travel behavior [18 22], but
recenl redearch shows that machine learning (ML) techniques ean
handle complex relationships more efectively [23]. Kashifi, Tamal [4)
found that light gradient boosting decision (rees outperformed iradi-
tional models, while Abulibdeh [24)] demonstrated that XGBoost was
maore efficient than Binary Logit (BL) and MNL in predicting metro mode
choiee. Wang and Ross [25] confirmed that XGBoost outperformed
MML, and Li, Shi [12] used XGBoost to asalyze High-Speed Railways
choices in China. These studies support the growing use of miachine
learning for travel mode analysis, Iy with bl ) i

provements could sddress these bl [45). R k mn,
g at [46] b d air-rail wity's for
High-Speed Railways promotion. rine | is Ly wsed

in travel mode modeling for its accuracy in handling large datases
[47-49]. Studies by Wang and Rods [25], Cheng, Chen [32], and Zhao,
van [51] found that ML models like XGBoost, random forest, and neural
networks outperform traditional models. Abulibdeh [24] and Kim [30]
also validated XGBoost and neural netwarks for predicting travel modes,
which are detailed in Table 1 and Fig. 1.

While traditional machine learning models are robust and widely
usged, they often struggle with ! li relationships and
large datasets. In contrast, advanced ensemble methods like XGBoost,
LightGBEM, and CatBoost offer superior performance by handling high-
dimenzional data, improving interpretability, and reducing overfirting.
This research compares the eficiency of these boosting methods in
analyzing future travel mode choices in developing countries, affering
insights for policy recommendations in Thailand 1o support High-Speed
Rail adoption and assess unintroduced travel modes.

2. Material and methods

2.1. Stated preference surveys

The survey process examines the factors influencing the decision to
uge High-Speed Railways across four regions of Thailand: Northern,
Mortheastern, Southern, and Central. Esch region will select an area
From the provines where an High-Speed Railways station i3 planned for
eonstruction [50] based on the Grozs Regional and Provineial Produet
Chain Volume Measures for 2022 [51], focusing on the highest value in
each of the region’s top four priorities, as shown in Fig. 2The survey
design aims to understand the factors that influenced o decision on
high-speed rail (HSR) service in each region of Thailand by choosing the
provinces and collecting data from many critical

Table 1

Summary of selected literatare on the use of machine learming for predicting ravel mode chinices.

Amhors  Regions Statistical approactes. Dy Diats Ky findings Adouracy
[2s51 Unived Srares of XOBoost, MNL Travel ime, socks- HBens outperforsed MNL, with ravel time Beingthe 93.12%
Amezica iRt miot sigadficant Geetor.
[241 Qatar NOBoast, MNL, Binamial Logio Travel behavior, metns NOBo0s! Wit Eosr effertive, with TP parametes and 91.2%
Inreduction. secioeconomic facioes crucial.

281 Mexen RF, XGBoa, GB, NB, DT, LR, VM Trrmsport preferences, student X0 Boost showed excelleon perforsance for mode choiee. 925 %
{polynamialy, SVM (REF) travel data. estimation.

[3z1 Chima RF, AdaBooat, and SVM Teavel instances (ige, lind use,  Random Fores ourperfonmed nihers with highes 91 %

raffie data) accuracy and lower Compuranional st

1271 Egyp DN, KNM, AdaBcost, SVM, KE. RF, Household size, eame, travel NN ackieved 97.8] % aeeursey, oulperformisg AFasd  97.81 %
B, XGB, LDA, DT, QDA time, distance WG Ecost with larges sample sizes.

[261 Egvpt MNL, SVM, MLF, KNN. AdaBoost, DT,  Muode ehoioe respanses, GEDT achicved e highes prediction accaracy, 96 %
RF, GBDT, and XGB Aleusadnia ciry. enceeding MNL

a1 Unied Sranes of CART, NB, Bag, Boost, RF, SV, and Socio-eeonoesic datm, Dravel Logic and ML medels differed in oucomes, requiring BRE %

America NN chargeterisrics. halance between acouracy and vallding.
3oy Soah Koges ANM, XGBaost, RE Age, ctiviry durstion, Lind use  XOBoost and ANN performed best, with age, g time,  94.3%
and land use being key factars.

[2m - MHNL, MMNL, AN, WM, RF, and Teavel pesponses, socio- MGBeost, RF, NN curperformed Logit svodels. 952 %
NGBoost ecoeamic dath

141 Nethestand LR, BF, T, MLF, and LightGEOT Trip dengity, income, car/bike  LightGBOT ourperform athers, key Sl were ip W4.5%

wRerabiD, dge

densiry, meame, ownership, and sge
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Fig. 1. V05 viewer Network Vissalization of Keywords Related.

provinces in Thailand b the e istics and infra-
structure of each region are different. Especially in Thailand, each
province has cleady different infrastructure even the province that is
located in the same region, it is distinctly difference [52]which directly
affects the ravel behavior. The survey in many provinces helps the
researcher access 1o extensive data and refleet the various of travel be-
haviors at the country level [53].

Fate-to-face interviews will be performed with individuals aged 18
and older ar ransportation stations, shopping malls, and public parks
atross 16 provinces in Thailand. consists of northern zone: Nakhon
Sawan, Phitsanulok, Lamphun, and Chiang Mai, Northeastern zones
Makhon Ratchasima, Khon Kaen, Udon Thani, and Nong Khai, Central
nne: Banghkok, Chonburi, Rayong, and Ayuithaya, and Southern sone:
PFrachuap Khir Khan, Chumphon, Surst Thani, and Songkhls The
weather of these 4 zones i iropical making Thailand is inappropriate
wravel as an active journey [54]and travelers always use ;portati

travel time, travel cost, and frequency—is erucial for understanding
passenger behavior and preferences. This study will refleet real-world
seenariog, d ating that who wish 10 reduce their
travel time in the public rransportation system may need 1o incur higher
costs [59]. These data can drive the development and enhancement of
transport services by improving service frequency, oplimizing routes to
reduee travel time, and setting appropriate fare structures. Additionally,
they assist facilitators in assessing competiliveness with other travel
modes and making informed business decisions. While the stated peef-
erence (SP) questionnaire may have lower reliability owing 1o potential
discrepancies berween respondents” stated preferences and their actual
behavior in real simations, it remaing a widely used method for enl-
lecting relevant data on travel modes [60 64].

2.1.1. Seatisrical design of the choice
The b and their levels used in the stated choice (SC) exper-

gystems with air conditioners which affects travel mode choice of
intereity travel result to main vehicles like private cars, buses, planes, air
conditioner traing, or high-speed rails (55,56). A total of 200 samples
per provinee will be collected, using Convenience Sampling (o ensuse &
diverse and efficient selection of participants. This approach guarkniess
balanced representation acrose all regions, mitigating - bias  and
enhancing the representativeness of the findings at the national level,
otaling 3200 samples, is sufficient for machine leamning analysis, as the
sample size should be at least 50 1o 1000 times the aumber of prediction
clagses. This guideline helps engure that the model has enough data 1o
perform effectively. Since there are 2 prediction clasges in this reseanch
I57].

The survey questionmaine is divided into two sections. The firs sec-
tion focuses on social and economic data, incliding gender, marital
status, household size, presence of children in the family, howsehold
income, vehicle ownership, purpose of intercity travel, and travel fre-
quency between cities. The second seetion comprises a stated preference
(5P) questionnaire, where the stated choiee (SC) experiment allows for
the description of alternatives through various attribute combinations at
different levels. This method helps estimate the marginal wtility of esch
attribute for the High-Speed Railways option, enabling the assessment of
in-mode cholees, access times, waiting times, travel times, ravel costs,
amd travel frequency related o the proposed mode of iransportation [58,
591, The stated choice (SC) experiment required ravelers 10 choose
between allernative High-Speed Railways options and theis ewrrent
public ransportation mode. Collecting data on travel mode prefer-
ences—laking into account Betors such as aceess time, waiting time,

iment are detailed in Table 2. These attributes encompass varions faetors
that influence travel mode decisions, such as access time, waiting time,
travel time, travel cost, and frequency. Different levels are assigned 1o
each anribule 1o represent & range of seenarios and respondent prefer-
ences. This structured approach enables a thorough analysis of how
different factors affect rravel decisions and the trade-olfs individualks are
willing 1o make.

In this experiment, hypothetical scenarios were bated on a 700-km
journey from Bangkok o Chizng Mai, a route earmarked for future
high-speed rail development, with attribute levels applied to this wavel
context in Thailand [65). As the High-Speed Railways infrastructure had
nil yel been sonstructed at the time of the sudy, there was no empirical
data available regarding actual travel times, pricing, waiting times,
service schedules (frequency of service), or operational details. Conse-
quently, data for pricing, travel limes, wailing limes, and service fre-
quency were referenced from governmental sources thar provided
egtimates to the public through news outlets and websites in Thailand,
which may still be subject to change [66,67]. However, within the hy-
pothetical ithese were | d 1o reflect & range of

bl ithat are bl and elose 1o the pro-
Jjected figured. Waiting time was eonsidered based on recommendations
from ticket booking sources that advise passengers to arrive in advance.
For other travel modes, the hypothetical scenado referenced pricing,
travel times, waiting times, and service frequency from real-world
sounces: for buses, data was taken from nations] ticker booking centers
(58] for twaind, the estimates were peimarily bazed on data from the
State Railway of Thailand's booking system [69): and for airplanes,
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passengers would typically encounter. This route, with a distance suit-
able for competition berween High-Speed Railways od other modes of
transpart, provided an ideal contest for analyzing the potential impacts
of introducing High-Speed Railways.

Inn owr study, we evaluated five anributes across two groups: tradi-
tional modes (bus, train, and airplane) with one level each and High-
Speed Railways with two levels, A full factorial design would vield 96
choiee sets (3= 1%« 2°), which would be overwhelming for re-
spondents. Instead, we wed an orthogonal fractional factoeial design,
creating 96 profiles divided into eight sets of 12 choice sets each. As a
resull, each respondent only evaluated 12 of the 96 profiles during the
aurvey [71]. To ensure an efficient choice detign, our approach incos-
porated key properties such a orthogonality, level balance, minimal
overlap, and wility balance. Orthogonality was achieved by arranging
antribute levels in the design correlation matrix so that any two columns
were uncorrelated, thereby minimizing eollinearity. Level balance was
maintained by ensuring that each arribute level appeared an equal
nummber of times across the profile sets. Uility balance was addressed by
minimizing the differences in utility berween alternatives, achieved by
rotating the dominant alternatives in each choiee ser.

2.2 Methodology

The h d lined in the Nowchart in Fig. 3, beging
wuhmgdmmlleumnphm where both Revealed Preference (RP)
and Stated Preference (SP) data are gathered. This information caplures
currenl Iransportation behaviors and potential future choices in the
context of adopting high-speed rail. Additionally, the survey process
examines the factors influencing the decision o we High-Speed Rail-
ways acrods four regions of Thailand, selecting provinees whens High-
Speed Railways stations are planned based on their economic signifi-
camee, mmread]versamdrepmmuwemple Three key factors
are dered in the data collectd socio-er aspects,
travel behavior, and variows decision-making scenarios that could in-
Muence an individual's choice of ransportation mode. Onee the data is
collected, it is passed through a spliner, which divides it into two main
categories those who would adopt the future ransportation mode
(high-speed rail) and those who would continue using current trans-
portation modes, This separation of data belps 1o analyze and train
models effectively based on the distinet behavior panermns of these two
groups. The next step involves getting the data ready for model iraining.
The dependent variable, which represents the sslected mode of rans-
portation, is allocated 1o y train, while the independent variables, which
comprise sociceconomic and travel behavior data, are assigned o
X_train. Python was used for the analysis through Ansconda. As for the
analysis time, after data correction and final adjustments, the analysis
ook approximately 4-5 h per model. The computer specifications ussd
fior the analysis are as follows: Processor: 13th Gen Intel{R) Cose [TM)
[9-13900H 2.60 GHz, RAM 32.0 GE, where a variety ol categorization

d machine learmning methods like
XGBoost, LightGBM, and CaiBoost, &8 well a3 mose conventional models
like the Binary Logit Model, are taught to anticipate ransit choicss.
Because these models can relationships in the data,

rhe}-mumdmimpu-nmmdncthnammy The models are hyper-
runed 1o after training. This process
invalves adjusting the intermal parameters of the models 1o ensure the

Table 2
Typical cards from stated chodee (SC) sets. el Ees W e
Aarribure Levels Maode (haior | Misde Chales 2
oz rain wirplane high-speed eail
aevess ime (min) 1@ 10 30 10, 15
waltisg time {min} 15 1 120 15,10
teawe] T (min) TH0 Ty 135 190, 23
trawel cost (Balt) 750 LT 3000 1050, 1400
Frequency times (min) L] 150 120 190, 220 best -
pricing, schedules, and fr ieg were refe d from aidine tick-

eting websites [70]. The different pricing, time ranges, waiting limes,
and frequencies in these hypothetical seenarios were designed 1o reflect
realistic varialions acrods service providers. Access limes were 221 within
reasonable limits a0 ensure faimess between buses, trains, and
high-speed rail, while access 1o airports was higher dve to the more
challenging reach compased 1o other transport stations in Thailand. The
figures wsed in the simulation wese within the realistic range that

The aptimized models are then tested using a
separate datager, Xtest and ytest, to evaluate their sccusacy and
generalization eapabilities. Finally, the performance of each model iz
compared using variows evaluation metrics are Acouracy, Precision,
Recall, Fl-score, and AUC. These metries help detenmine which model
performs the best. The final step includes identifying the key factors
influencing transportation decisions using SHAF analysis, which allows
for an interpretability of model predictions, highlighting the mest

variables thar drive deci ding furure o tation
modes like high-speed sail.
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2.3. Binary logit model in mode choice (BL)

The Binary Logit Mode! (BL) is applied in mode choice studies as a
discrete choice model because it can predict the probability of specific
events occurring based on independent variables. The probability of
choasing mode (i) for travel is determined by the likelihood that the
utility of mode (i) is equal to or greater than the utility of an alternative
mode (j). As a result, travelers select the mode of transportation that
offers the highest utility.

The probability calculation for developing a binary logit model (BL)
is as follows:

Pa exp (fiX1n) 1 ‘
XX+ EXpUINL,) 1+=xp(ﬁxz. Xy,) 1+ exp (AU)
(1)

Py indicates the likelihood that traveler n will select the first option.

fiX1s d the utility fi d with traveler n selecting
the first mode.

X2y denotes the utility function associated with traveler n selecting
the second mode.

AU = fiXy, - Xy, = ¥ (@ ~ B)Z, where Z, is the * variable, o, isthe
coefficient of the P variable in fiXu, and b, is the coefficient of the
variable in fXq.

2.4. Machine learning

Mmkamku(m)hmdgnmmlyanncedmmm
mode choice modeling by enhancing predictive 4 -y and p '8
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desper insights into traveler behavior, which are crucial for urban
planning and policy-making. Models such as random forests and
XGBoost kave consistently outperformed traditional approaches like the
multinomial logit (MNL) model, as demondizated in studies from Ben-
galuru and Chengdu, where ML models achieved superior accuracy [72,
73). Similarly, in other felds such as material production, research has
confirmed that ML surpasses trad | analytical hods [74 TA]
rurthermore, [echigques Like SHAP have mproved the nlerpretabiliny
af ML maodels, allnwh\g Ewd:eidamﬂuumuﬂeyfacmnmhasum!
ensts and d char that infl el 73,771
Feature importance analysis Geilivates more informed policy decisions,
and ML models have demondtrated greater sensitivity 1o policy changes,
a4 evidenced by studies in Alexandria City [26].

241, Ensemhle models

Ensemble modeling has gamnered a lot of interest in machine learning
applications due 1o its beoad range of dependent variable prediction
capabilities. Typically, tree-based techniques like random foress,
additional trees, gradient boosting, or adaptive boosting are used 1o
build ensemble models. On the other hand, new research has demon-
strated the pnmm:}- of inmmovative ensembles that blend different ma-
chine | 1o enb prediction securacy. These
ensembles are sometimes referred o as multi-step-ahead modeling or
inclugive maltiple models [75,79). Notably, boosting is used in promi-
nent ensemble technigues like XGBoost, LightGEM, and CatBoost 1o
improve prediction acewracy and classification problems. XGBoost is
more effective at preventing overfining than LightGBM, which combines
gradient-based one-side sampling and leal-wise tree growth that is tar-
geted for speed and efficiency on big dataters. This is because XGBoost
uses regularization and sscond-order derivatives. Random Permutation
is an effective rechnique that CaBoomst excels &t using o handle cate-
gorical data with lintle bias and no overfitting. These models are
routinely used 1o analyze difficulr data with auramﬂlnaq- nn:-m-aq
highlighting the increasing af
techniques in machine keaming.

Thres popular gradient boosting libraries, XGBoast, LightGBM, and
CatBoost [E0], are highly effective for predicting iransportation mode
choices by  analyring  factors  like  mavel emy  dme, ansd
socio-demographic altributes. XGBoost handles complex relationships in
large datasers, LightGBM excels in speed and scalability, and CatBoast is
ideal for categorical data and preventing overfiming, making all three
well-suited for transportation mode analysis with minimal preprocess-
ing and high accuracy. These models XGBoost, LightGBM, and CatBoost
are well-suited for analyzing transportation mode choices due 1o thefr
ability 1o capture complex, nonlinear interactions between variables
such as travel time, cosl, convenience, and demographic faetors like
income and car ownership [12,81 XGBoost and LightGBM elfi-
ciently manage large datasers, while CarBoost makes it ideal for
analyzing traveler preferences. Thedr ability to manage comples data
relationships helps idemify key factors influencing travel decisions, of-
fering valuable insights for iransportation planning.

242 Ewireme Gradient Boosting (XGBoast)

Extreme Gradient Boosting (XGBoost) is a machine learning tech-
nigue that enhances the efficiency of constructing scalable decigsion trees
and is widely used across various fields [54]. XGBoost was developad
from the Gradien! Boosting Decision Tree [G-EDTJ algwlﬂlm which
consists of multiple d trees and ly uses
and regression trees [£5]. However, mnmﬁhs!mcnmhmn
key ways. First, XGEoos! uses the second-order Taylor expansion for the
boss function, whereas GBDT oaly uses the first-order Taylor expansion.
Second, NGBo0sL incorporates regularization in the abjective funetion 1o
prevent overfitting and reduce model complexity |[86]. XGBoost has
been widely nssd for many years owing to its efficiency and high ac-
euracy, which stem from it interpretability, Qexibility, and sealabiliy.
For example, it can efficieatly handle large datasers in parallel and
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iteratively improve the model, often owlperforming other algorithms.
Additionally, XGBoost assesses feature importance to aid in under-

sanding the prediction process, suppors custom loss funetions amd
evaluation metrics, and allows users o adjust model paramelers o mest
various requirements, offering greates Nexibility [120.0a the coatext of
modeling by XGBoost, we start with an explanation of the leaming
objective that was adjusted to be regularity. In terms of mathematics, the
specified U dala sél with K sample and m characlensiic i shown as o =
:(x. r.l}cl'n] k.x.ER" r.en) A GB model, such a8 XGBooS!, uses
fon fu M 1o prediet results [B4].

N
=$X)= D‘.leh-r.. €F, 12

The valug of F= [fix]= )} (q: A" =T.we A7) refers (o the
regrestion tree ared (specifically, CARTL N s the number of rees, F
encompasies all ree regions, i the wee structure, T is the aumber of
leaves, f iz a tree with structure o, and the leal weights are independent.
The function g|x) aligns with the input data to learn funetion groups
uged in the model, enabling the objectives o be regularized as follows:

Ag)=3TNF, X0+ alf,) where
1 . 3)
Qf) =T+ Al

The term | repmnmud.ll‘fm convex los functions used 10 measure
the prediction of ¥, against the target of ¥,. The second I:enﬂ, 0, pe-
nalizes model lexity amd includes the reg tree fi T
and &, which are regularization Thiz regulk fon term
smooths the final learned weights, helping o prevent overfitting. In
summary, the objective of regularization s 10 s:leet a simpler model that
atill provides efficient predictions. However, adding a group of efficient
tree models cannod enhance area elficiency using the raditional
Euclidean method becase the moded will be trained by adding this loss
Bunction.

k
A" = ?:I:n[v..?.' "R D) ()

This equation will gradually add a function §, which helps o
improve the model as much & the equation.

2.4.5. Light gradient booasting machine (LightGEM)

LightGEM iz a machine leamning algorithm developed by Ke, Meng
[E7] 1o improve the efficiency and sccuracy of models based on Gradient
Boosting Decision Trees (GBOT). LightGEM introduces several key in-
novations, including gradient-based one-side sampling (GOSS),
leaf-wise ree growth, histogram-based approaches, and exclusive
feature bundling (EFB). These developments allow LightGEM 1o work
with GEDT models up to twenty times faster than traditional frame-
works, without sacrificing prediction aceuracy [27). LightGEM signifi-
cantly enhances GBDT, making it an excellent choice for solving
complex classification problems. One of its primary advantages is thar
GBDT models are known for their superior predictive power compared
to general models [B5]. Additionally, GEDT-based algorithms, like
LightGBM, are not constrained by the distribution of independent and
dependent variables and can effectively manage multicallinearity, out-
liers, and missing values. LightGEM also does nol require specifying the
relationship between independent and dependent variables in advance,
allowing it to better capture nonlinear relationships.

Moreover, LightGBM automatieally determines the contribution af
independent variables 1o the prediction by considering the interactions
among them [39], This i a distinet advantage over iraditional statistical
models, which rely on standard coefficients and marginal effects. By
aceounting for suxiliary effects between  independent  wariables,
LightGBM can more precisely depict the effect size of those variables,
making it particularly effective for handling complex, high-dimensional
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datasets,

The main procedure of LightGEM beging with calculating the
gradient for data example | and ree & The loss value L s then caleulated
using the gradient value g [57] given by

_ iy )
5,

3 is the actual value, and ¥ is the predicted value from the ree.
LightGEM uses gradient-based one-side sampling (GOSS) 1o select only
the examples with the highest gradients while subsampling those with
lower gradients o reduce the data msed for model raining. Next,
exclusive feature bundling (EFB) is applied o group mumally exclusive
fearures together, reducing the number of features and speeding up tree
construction. During tree building, LightGBM constructs the tree by
d.im'l‘buﬂng the b-m data based on the calculated gradiems, adjusting

ifi . Fimally, the predicted values are ob-
ulnsd by ammmg the results from all irees as follows:

& (5

T
Fi="%"filx) 1)
T represents all the trees, and fix)) is the function from tree L. The
LightGBM framewaork is designed 1o efficiently evaluate these functions
and handle large datasets effectively. Additionally, parameter tuning
and technique adjustments are wted o prevent overfitting and enhance
prediction aceurscy.

244, Cateorical boosting (CatBost)

CatBoost i a machine learning method based on the Gradient
Baoosting Decision Tree (GBDT) framework, developed by Yandex engi-
neers in 3017 [90,91]. It refines the GBDT approach o efficiently use all
available data during training by enhancing the level method. Inivially,
the training process sssigns equal weights o all samples. After this
initial phase, the weights are adjusted 1o give more emphasis 1o samples
that deviate from the predictions. The next basic training sample will be
repeated in each round, with weights adjusted based on the errors aff
previous predictions until all rraining samples are processed. Finally, the
overall prediction is derived from aggregating the predictions of all
wraining samples, with weights adjusted accordingly 1o achieve the
optimal result [92]. This approach helps mitigate ovesfining istues
during h—almng [93].

CatBoost the effi -y af evaluation through a
priority-based procedure. It beging by sampling permutations o of [1, n]
10 sort the training samples and then initiates n different models, M1,
MZ, ..., Ma. Esch model Mi is irained wsing the i-th sample from the
permutation. In each iteration, the gradien estimation bias of the
rraditional GBDT is addressed, with d:emplejhdn,gpmm:dhydte
Mj-1 maodel [24]. This method ean d ir
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enhance the accuracy of subsequent predictions [20]. The following
formula is used:

"+ uf(x) 7
n s the leaming rank.

2.5 Shapley additive explanations (SHAP)

SHAP s a ool designed to explain the predictions of machine
learning models, particulasly complex ones such as gradien boosting
machines (GBM). While these models may perform well during raining,
their internal functioning can be difficull 1o interprer, and their effec-
tiveness in real-world situations may not always be clear. SHAP helps o
elucidate how these models make pred providing his into
their decision-making processes [95]. Mpmblem eondiderably affects
the risk and reliability of the model [96]. Enhancing the ability o
explain the "black box® problem in models i a crucial approach to
improving the peformance and reliability of machine leamning algo-
rithmes [97, 98], SHAP provides a clear analysic of each feamre’s impact
o the predicted result by estimating feature importance and inlegrating
it with the SHAP values of ether features used in the model. This makes
SHAF a key tool for interpreting GBM models, The results of the SHAP
value analysis are typically presented in a ranked diagram, where the
hordzontal position of each variable indicates its importance and effect
on the prediction. The interpret ranking will use the color o show the
relation size for the observation: + (red) or — (blue) [99,100].

SHAP value can be caleulated wsing the following formula:

aval)= ¥ Ls!cn—nls -1

P

(val{sL{i})— valis)) (8)

where val is the feaure relevance (o the algorithm target and @ (val) is
the weighted summing of the feanere contributions to the moded target
resnilt overall feature combinations, 22221 ig the weight of 8, valls) is
the experted value of |s|, The number of features on the data framework
& n, and the subser of the model features is 2. The better § stands for the
wector of feature values for the sections that require interpretation [35,
99,101-103]

A linear summation of the standard feamires and the SHAP of all
features were the goals of the method. It was shown as:

gix)=lix) =g + 3ok (=)
exl

whese gy, is the standard value for the undefined features and n i the

number of features in the data Famework, for feature 1, the value g,

represents the SHAP value, wheresas xg is the vector of reduced input
bles [103].

dient-boasting decisi d bias and help the
midel gain higher gmer:]iu:m However, despite these strengths,
CatBoast can still face challenges when dealing with highly imbalanced
data. While it adjusts clasg weights 1o manage imbalanee, extreme cases
where one class significantly outweighs the other may result in diffieulty
sccurately predicting the minority elass, increasing ervor rates for those
sarmples. Moreover, incorreet lening of guch as rale,

3. Results

3.1 Descripeive analysis
Traveler data eollection in Thailand involved a self-administensd

depth, and iterations can lead 1o overfitting or underfittling, particularly
impacting the minority class. Additionally, if not properly adjusted for
imbalaneed data, CatBoost may introduce biases into the predictions,
resulting in poor sccuracy for underrepresented elasses [90].

The CaBoost algorithm comprises several key steps. It slam with
classification adjustment using the targer-based

e with 3200 samples. After data collection, a comprehen-
sive data integrity sssessment was condueted 1o ensure the completeness
and rﬂmbﬂlqof&dmﬂﬁhmmmﬂudedvuﬁylngd:ﬂ

d all d questions and caleulating basic sta-
tistical measuces such as the mean, skewness, and kurlosis 1o identify
any pmenr.hl anomalies in the data distribution. Additionally, under

which ealculates sratistics based on the prediction target, such as the
average target foe each classification during the building process. Car-
Boost uses boosting leaming (o construct multiple trees, with each tree
aimed ar correcting the esrom of the previous one. The gradient value is
caleulated from the lost funetion Lo refine the predicted value v, and

were applied o address daa imbalance by
reducing the size of the majority elass, ensuring & more balaneed dataset
that would not dispr i ly affect amealysis and model
performance. The results are presented in Table 3.

The table shows that the research population comprised 525 %
males and 475 % females. Most households had four members (33.4 %)
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Table 3
General social, economic, and traved data.
Varlable Descrigtion Canegurical vastable (%) Mean 1] KU SK
GENDER Male = 1 =25 0.525 0,499 -199 -0.100
Female = 0 475
Tatal 100
HOWISEHCLD SITE Houselold semberss ) LRI 112 _OETS —0.301
1 person = 1
2 people = 2 150
3 people = 3 88
4 peogle = 4 <7
Muoree thas four people = 5 n4
Tatal 100
CHILDREN Have children in bowsehald (younges than 18 years old) = 1 620 Bl 0,485 -1756 -0.493
Do not have ehildren In bomehald [younges thas 18 years olf) =0 380
Tatal 100
HOWSEHOLE INCOME Less than 15,000 = 1 27 2044 LED6 108 0113
15,000-30,000 = 2 351
30,001-45,000 = 3 73
Muer thas 45,000 - 4 349
Tatal 100
CARS Have = 1 =2 0I5 0431 0634 -1.168
Do nat have = 0 M8
Total 100
Lel:A0 Tewvel purpose for study Swork Yes = 1 Ea D388 D486 -1.7E2 e
Ho=0 al4
Total 100
osrz Treavel purpose for leioare vaeation 488 D.488 0,499 -1 L)
Yes =1
Ho=0 512
Total 100
oBI3 Treavel purpse foe shapping 03 mi0e 0303 4.864 2619
Yes =1
Ho=0 =y
Total 100
TRAVEL FREQUENCY Teavel Broguency berween provinces per year 20 2170 1.092 —1L0EE sz
1-3times = 1
3-&uimes = 3 8
69 times = 3 144
Mae thas sine times - 4 n7
Total ple)
MODE CHOICE Cheonse mew mode (High-5pesd Fallways] = 1 513 512 D43 -1.557 —0.048
Do not chese new mode (bus, sain, sed alsplane) =0 455
Total 100

Note: S0 — standard deviation.
KU = kurtasis.
5K = shewness.

ar three members (2B.8 %), and 62 % of respondents had children. The
majority reparted incomes between 15,000 and 30,000 baht (35.1 %) or
above 45,000 baht (34.9 %), Approximately 75.2 % owned a privale ear.
The primary travel purposes were for study or work (38.6 %) and leisure
or vacation (48.8 %), with anly 10.3 % waveling foe shopping. In terms
of travel Fequency between provinces per year, most respondents
mraveled 1-3 times (32 %) or 3-6 times (3009 %), Most preferred trav-
eling by High-Speed Railways (51.2 %) over the current transportation
systenm (4B.8 %). Additionally, the deseriprive statistical data indicated &
noemal distribution, a3 the skewness (SK) values were within the
acceptable range of —3.0 10 +3.0, and kurtosis (KU) valies were Lower
than 1000 [104].

3.2 Muodel fiting and performance

This study used four models 1o verify and prediet factors influencing
future travel mode choices for High-Speed Railways, analyzed through
Python progr: ing. To ent model eval a 10-fold Cross-
Validation technique was applied 1o assez model performance
congistently.

Focusing on improving model efficiency for classifying unseen data
and addressing overfitling issues. The verification process used data
from the stated preference {5P) questionnaire 1o compare the perfor-
mance of the Binary Logit Model (BL), XGBoost, LightGEM, and

CatBoost. Grid search optimization was applied o eritical hyper-
parameters for XGBoost, LightGEM, and CatBoast 1o decrease overfinting
and ensure robust model predictions, &s shown in Table 4. Model per-
icw was d by the log loss values between the
raindng and test datasers, as detadled in Tables 5 and 6.

This study, XGBoost, LightGEM, and CatBoost algorithms were uti-
lized 1o model tramsportation mode choice, with each model’s perfor-
mance oplimized through a grid search algorithm 1o determine the
optimal et of hyperparameters. For XGBoost, key hyperparameters
calibrated included the learming rate [eta), maximum tree depth
(meax depth), and regularization terms (alpha and Lambda), with logless
ag the evaluation metric. Similarly, for LightGBM, parameters such asg
the leaming rate, maximum tree depth, and number of leaves were fine-
tuned, using binary logloss ag the evaluation metric. CaBoost, chosen
for its effective handling of imbalaneed datasers, was oplimized by
adjusting the l=arning rate, tree depth, and number of ilerations. Cat-
Boost addresses data imbalanee effectively through its inbuilt mecha-
nigm, specifically wilizing Gradient Boosting with Ordered Boosting.
This technigue helps reduce overfitting by consirieting decision trees
that are more fAexible and robust, even when one clags significantly
outweighs others [105,106]. These adjustments aimed 1o enhance both
the predictive accuracy and robustness of the models, with final
hyperparameter values summarized in Table 4

The application of 10-fold Cross-Validation ensured that each
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Table 4
Hyper values using grid search algorithms for XGHoast,
LightGEM, and CatBoost,
Maodd Paramees Deeseri prics Value
XGBoost  eta Leamisg rate [0.1] a2
mmax deph Maximum depth of & e [0.20] 7
aamms Mlin eplis_lnce: [0, 101] a
alpha L1 regalarizarion temm on weights 0.1
T3]
lamsitda L2 repularizacion temm on weighs: 1
[, 1]
et rive Ohjective funerion hinary:
Beglsrie
eval meric Evaluation setric “lags”
LightGEM  Jeaming rate  Leamisg rates [01] 0z
mmax deph Maximum depth of & tee [0L.20] &
mam leaves  Maximum tree leives 41
reg alpha L1 regularizacion iem ol
reg lambda L2 regularizacion iem ol
et rive Ohjective funerion inary
e Evalusation metric imary,
leggloss
CarBaosst depth Manimum depth of & ee L)
lerariods Number of Resations S00
12 leaf reg 12 sepalarizarion tem 1
bearsing rare  Lessmisg ranes [0.1] s

madel's performance was rigorously tested across different data pani-
tiong. This methodology not only improved the reliability of the resulis
but alse provided insight into the varance of the model perfarmance
metrics acress different folds. As shown in Table 7, the eross-validated
performance metrics, including Accuracy, Sensitivity, Specificity, Pre-
cigion, F1 seose, and AUC, highlight how each model performed under
consistent conditions,

The evaluation of model ) idered metrics such as ae-
curacy, precision, recall, and F1 seore, all of which offer different in-
gights into model performance across various dimensions. The wse aff
muero average (Macro avg) was chosen for this study &8 it treats esch
clags equally, regardless of the number of samples in each class, This

Risules (n Englesering 24 (2024) 103110

approach s erucial in multiclase elassification problems with imbal-
anced data, where some classes have significanily fewer samples than
others. The macro average involves two main steps: 1) caleulating the
evaluation metrics {precision, recall, and F1 seare) for each individual
class, and 2) averaging these values 1o provide a more reliable amd
aceeptable comparison of model performance [107,108]. The values
wirn comdidered ae fnllawe

Accuracy = =
Recall (sau.lﬂwq.l}:ﬁ (o
sp-w.u‘:l:i:_'.-':]_NTMTE (11
Precision '-n:“+1.-p 12y
P Seore = T (13)
AUC _%u'lteral.l + Epecificity | (14)

These metrics were calewlated from & confusion matrix, which
ineludes:

TP is & rue podilive rate.

TN is & true negative rate.

FP is a fake positive rate.

FNM is a false negative rate.

Accuracy represents the proportion of correet predictions over the
total imstances, while recall {sensitivity) messures the moded's ability 1o
correctly identify rel i . and ty focuses on identi-
fying negative instances accurately. Precision assesses the proportion af
correct positive predictions, and the F1 score balances precision amd
recall by caleulating their harmonic mean, Given the imbalanced naturs

Table 5

Performance comparison of train models for high-speed railways usage prediction.
Model Arcamacy Sensitivity Specificity Procision F1 seare ALC
BL 0.73R8 07646 OTIE 0.7355 07497 E14T
NGB oot 09312 04542 DLFOTO 0151 04342 0a306
LighnGEM 08966 09362 =St 0ET14 0.8962 9681
CarBast 09461 09643 o 0.9327 09460 9910

Table 6

Performance comparison of best models for high-speed milways wsage prediction.
Model Accasacy Sensithviny Specificiry Precision F1 seare Auc
BL 07445 0.7720 [k B 07410 0.7562 LA187
NGBt 08887 0.9245 ass1z 0.8672 08949 .BE7H
LighaGEs D.B762 09299 QEST D.B443 0.H75S 0536
CarBaosst .70 0.aza2 OEER] 0.B771 0.BD6E DOEETD

Table 7
Cross-validation analysis of mode] performance in Transforming Travel patteres to highspeed railways.
Model Accuracy Sessitivicy Specificiy Precision F1 seore AUT
BL DT DTESS DT140 D.TATE 07513 aElsl
=0.006 +0.006 +0.0129 H0OES 0O0ES =0.0067
NGBSt LR o910 08464 DLBE30 08910 09583
+=0.0068 00094 =0.0062 HOOOSS 00067 +=0.0036
LighaGBEM DETES DESE DEL 3 D.E4DE 0.BAST DE0E
=0.0077 =0.0071 =0.0107 HOO0ES =000 +0.0034
CarBeost 0B85 09245 08441 DBE1E 0.8920 09584

+=H.0061 +0.0072 +0.0068 00058 00058 +=0.0034
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of the dataset, AUC-ROC (Area Under the O g Charac-

HUSLIES IN EOGIOTING 2§ [LUL4) 103100

mmknme)mdmmﬂmdnamlmﬂ:.unhhmmy
which can be misleading with imbalanced data, AUC-ROC provides a

e [109). Finally, efi thods, such as
ndysmppdng ﬂ!mnlhemthlmhﬂlualﬁngbdaemllyﬁmngme

lting in better perft on the test set [110).
Asshownmrxbsuhenoc:um di that i
learning models significantly outperform the baseline logistic reg;
mmmnarylngnuodd(u)hasthelomAuc.lndkum

robust eval by the trade-off b true p and
false positi different threshold: ‘l’hlsmetrlcispuumhrly

luable as it flected by class imbal and offers a more
comprehensive view of the model's perfc ind hing be-
tween and majority classes. By b d | metrics

like accuracy, precision, and recall with AUC-ROC, the study ensures a
thorough and reliable assessment of the model’s ability to handle
imbalanced data.

XGBoost and LightGBM show strong classifica-
maMma,lee(‘amMmb&m:hrheMgbmAuc,
making it the most effective in predicting High-Speed Railways travel
mode choices.

As shown in Table 7, the 10-fold Cross-Validation results reveal

This mprebeaslve memc facilitates thoroug! | AcTOsS
various di 'y, the ma ol true positive and
true negative pred; predi values,
and discrimination.

As shown in Tables 5 and 6 and Fig. 4, the efficiency of High-Speed

M travel beh di varied significantly across models.

The Binary Logit Model [BL) achieved training and testing accuracies of
0.7388 and 0.7445, with sensitivities of 0.7646 and 0.7720, and speci-

ficities of 0.7118 and 0.7154, respectively. Its peecision and F1 score
were mod In XGBoost perf d notably better, with
accuracies of 0.9312 for training and 0.8887 for testing, high sensitiv-
ities of 0.9542 and 0.9245, and strong specificities of 0.9070 and
0.8512. Precision and F1 scores were also high. ar 0.9151 and 0.9342 for
training, and 0.8672 and 0.8949 for testing. LightGBM achieved accu-
racies of 0.8966 for training and 0.8762 for testing, with high sensitivity
of 0.9362 and 0.9299, and specificity of 0.8549 and 0.8197. Precision
and F1 scores remained high, with training values of 0.8714 and 0.8962,
and testing values of 0.8443 and 0.8755. CatBoost demonstrated the
highest efficiency, with accuracies of 0.9461 for training and 0.8970 for
testing. Its sensitivity of 0.9643 and 0.9292, and specificity of 0.9270
and 0.8631 were notably high, as were its precision and F1 scores, at
0.9327 and 0.9460 for training, and 0.8771 and 0.8966 for testing.
CatBoost outperformed XGBoost and LightGBM, delivering the highest
overall predictive emdenty for High-Speed Railways usage.

The close perft the and test sets, with the
mmmpmng&emhhgmhmemmmbeuplamby
several factors. Reg ly used in models
like Gradi i i "udnne(hguainlngpedmnu
prevent overfitting and [84]. Additionally, if
Holdmvaudnlmhmd,un d trai is

wmmhlm.whkhmydx&tlmﬂmsnglelaa

Sensiwty
@&

VARV v ?

F1 oo

L 4

PP

iceable differences in model performance when predicting High-
Speed Railways travel behavior. The CatBoost model achieved the
highest overall efficiency, with an accuracy of 0.B853 4 0.0061, sensi-
tivity of 0.9245 4 0.0072, and an AUC score of 0.9584 & 0.0034. Its
specificity of 0.8441 L 0.0068 and precision of 0.8616 + 0.0058,
combined with a strong F1 score of 0.8920 + 0.0058, further solidify its
role as the most effective model for predi 4 intravel
The XGBoost model followed closely, showing an accuracy of 0.8846 +
0.0068, which was slightly lower than CatBoost. However, its sensitivity

ROC Curve for BL, XGBoost, LightGEM, and CatBcost

00 02 0e o6 ae 10
Tatwe Poantrow Rate

Fig. 5. ROC Curve model.

Spechol
rd / -4 °.'",...

& &

Fig. 4. Comparison model performance metrics.
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of 0.9210 + 00094 and AUC of 0.9583 + 0.0036 indicate sirong pre-
dictive capability. XGBoost performed similarly in other metrics,
including specificity (0.B464 + 0.0062), precision (0.8630 + 0.0055),
and F1 score (0LB910 £ D.0067L The LightGBM model demonstrated
comparable performance, achieving an sccurscy of D.8763 £ D.OD7TT
and & relatively higher sensitivity of 09358 + 0.0071, surpassing both
CatBoast and XGBeoat. it exdhibived lower ry (0.8139
4 0.0107) and precision (DE408 & 0.0083), resulting in a slightly
reduced F1 score of 0.8857 4 0.0069 and an AUC of 09506 + 000034, In
contrast, the Binary Logit (BL) model displayed significamly lower
performance, with an accuracy of 0.7404 & 0,006, sensitivity of 0.7655
< 0006, and & lower AUC of 0.B161 £ 0.0067. Its specificity (0.7140 £
0u0129), precision (07376 + 0DES), and F1 score (0L7513 £ 0UD0SS)
were aleo substantially lower compared to the machine leaming models,
its struggles with imbalanced data. Overall, the rem]ls high-

Risles (n Englesering 24 (2024) 103110

attributed o the additional considerations for vehicle space and the
higher comfort codts associated with raveling with children, which
make High-Speed Railways a more appealing option [115)]. High-Speed
Railways offer considerable advantages in terms of convenience over
buses amd traing and cost benefits compared 1o airplanes. The variable
for howsehold income (MON HOUSE) had a f value of 0.0925 and a
significance level af less than 0000, iadicating thar higher income
households were more likely to use High-Speed Railways. This is
attributed o their financial security, which allows them 1o afford the
aiperior convenience, speed, and quality of serviee offered by
High-Speed Railways compared 1o other transportation modes.
High-income households are more likely o overlook travel cosis,
valuing the time saved and the ability 1o engage in other activities,
which is a key factor for them in choosing High-Speed Railways [116,
117]. The number of cars in the household had a f value of —0.0476

light the significant performance advantages of the |

with a ifi level of 0L19E, indicating it was not statistically

madels over BL, with CaBoost leading in mest metries and providing a
reliable, consistent approach foe predicting High-Speed Railway usage.

23 Analysis resudr of the binary logit model (BL)

The analysis of ransportation mode wsing the Binary Logit Model
(BL), as shown in Table 2, identified several important and statistically
significant variables. For example, the gender variable (GEM) had a
value of —0.0734 and a significance level of 0,013, indicating that males
were gignificantly more likely to choose the new public ransportation
gystem, such as High-Speed Railways, compared 1o females. This finding
aligns with a previous study by Ta, Wang [111]. They studied ravel
behavior and the fectors influencing ransportation mode choiees be-
rween males and females in Ching. They determined that females were
more inclined 1o use new public transpontation systems, such as
High-Speed Railways, than males. This preference was attributed 1o
females” more posilive perceptiond and amiudes towasd High-Speed
Railways, including their safery, convenience, and environmental ben-
13]. Additionally, the house size variable had a f value of
ith a significance level of less than 0.001, indicating that
individuals with larger house sizes are less likely 1o travel by High-Speed
Railways. This tendency is linked 1o factors such as higher ravel ex-
penses for larger families, the convenience of raveling with a large
group, and the management of time and activities for family members.
Those living in larger homes often prefer using private cars of other

significant. Among the variables related 1o travel purposes, raveling for
study or wosk (0BJ1) did not show statistical significance. However,
traveling for leisure or vacation (OBJ2) had a f valuwe of —0.2670 and a
significance level of D.0DE, ind & statistically s il

on travel decisions. Travelers who prefer leisure or vacation travel are
less likely 1o choose High-Speed Railways, which i consistent with a
previous study by Li, Ma [55] This indicates that travelers who seek
relaxarion are more likely 1o use traing or buses rather than High-Speed
Railways. In contrast, travel for work or business purposes, which is
aften mandatory or required, typically invalves using High-Speed Rail-
ways [16]. Travel for shopping (OBJ3) had a significance level of 0L061,
indiearing it was not statistically significant. In contrast, the variable for
traveling between eities (FR_TRA) had a p value of 0.3582 and a sig-
nificance level of less than 0,001, showing that frequent travelers were
more likely to use High-Speed Railways. This is anributed 1o the con-
venience and speed of High-Speed Railways, which meet their needs for
reliability and rime savings. High-Speed Railways reduce raved fatigus
and enhance efficiency, leading o greater satisfaction for customers
‘whi fregquently travel between cities. Additionally, the variable for sc-
eess time (ACCESS) was considered in this analysis The variables of
‘waiting time [WAITING), rravel time [TRAVEL), and serviee frequency
(Headway) (FR_TRA) all had negative  values with a significance level
of less than 0L001., This indicates that if aceess lime, wailing time, travel
time, and service frequency for High-Speed Railways were 1o increase,
customers would be more Ekely to choose High-Speed Railways for their
travel. The accessibility of transport stations plays a erucial role in this

rransportation modes over High-Speed Railways b these all
tives can be more cost-effective [114]. The vardable for the ber af

degision. Regarding access tme, Martin, Romén [119) kave explored

children in a family (CHIL SIZE) had a p value of 09593 and a signifi-
cance bevel of less than 00001, indicating that families with children
under 18 years old were more likely to use High-Spesd Railways
compared 10 families without children, This preference 2 likely

Table 8

Model parameter estimaies for mode choice.
Variable (] Standind et Sig.
COMET 134393 [LE 13 =0
GEN —00734 0.029 [Tk
HOUSE SIZE —03Te 00l6 0ot
CHIL SIZE 0.9693 0.035 <0001
MON HOUSE 0.0925 [T <000
N CARS —04TE o.oar 0198
‘opn o1z 0101 0912
oprz —02%T 0101 n.o08"
OBIE — 0.3 0109 [
FR TRA 0.3582 o4 BT
ACCESS ~33402 0148 0ot
WAITING -9.5750 0471 oo’
TRAVEL = 146053 0447 Rt}
COET 21807 0195 Rt}
FREQ) ~ L0164 0071 <00l

for enk service by improving station access, either via

private car or direct public ransport connections. These improvements
increase the competitiveness of the public transpart system relative 1o
ather modes of transportation. The emphazis on saving time while
waiting for transpartation betwesn eities s valued more than the time
spent sanuqul:he station [119]. Waiting time plays a crucial role in
-raking and satista (1200, If the waiting time for

High-Speed Railways is excessively long, it will likely reduce demand
and decrease it competitive edge compared to other transportation
modes [121]. Travel ime is & eruedal factor in travel planning, with
travelers oflen preferring transportation systems that affer shorer travel
times [122,123], Servies frequency considesably impacts the competi-
tiveness of the publie ransport system. A Llower headway improves the
serviee lovel and provides a competitive advantage in the market [124].
The smdy by Wang, Li [125] has shown thar the frequency aof
High-Speed Railways service effectively segments the market. The eost
(COST) has & f value of 21997 and a significance level of <0001,
indicating that higher costs are associated with incressed travel by
High-Speed Railways, consistent with the study by Karmarkar, Jana
[126]. A sudy on the willingness to pay for High-Speed Railways ser-
wices in India found thar iravelers were willing 1o pay an average of 300
rupees, which is higher tham their current travel expenses, in exchange
for saving time on their joumnéys. This finding aligns with the sudy by
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Shelar, Cats [127], which revealed that travelers were willing 1o pay
maore (o reduce waiting time and improve travel accuracy. The Binary
Logit Model (BL) analysis yielded a Cox and Snell B® value of 0,287 and a
Magelkerke B® value of 0383, According o relevant litecature, B values
between 0.2 and 0.4 are generally considered indicative of a good model
i [125).

34 Assessing funure Travel mode chodce

The evaluation of mode choice s crucial for understanding travelers
erondmic attributes and the conditions influencing their ravel mode
decisions based on survey response rankings. The SHAP method offers a
deeper analysis of how economic and social antributes, along with rravel
conditions, affect travel mode choice. This methodology primarily aims
o relate each data instance response with travel behavior patterns for
more accurate insights [129].

Figs. & B show the mapping of responses to understand the influenee
of various variables on mode choice. The importance of the inpur vari-
ables, as displayed in Figs. & 8, was determined by caleularing the
average of the absolute Shapley values. The inpul feanires were then
ranked based on their significance, with & higher mean SHAP value
indicating greater impartance. Fig. 6 presents the XGBoost analysis re-
sultg, Fig. 7 shows the LightGBM analysis results, and Fig. B depiets the
CatBoost analysis results, revealing similar variable prioritization across
the models. The most important factors for chooding High-Speed Rail-
wiys in the futire were travel ime, service frequency, access Lime,
wravel cost, waiting time, number of children in the Bamily, frequency of
inter-provineial travel per year, number of household members,
household income, private car ownership, travel purpose for siady)
wark, gender, travel purpose for leisure /vacation, and travel purpose for
shopping, respectively. The machine learning analysis of mportant
factors for High-Speed Railways choice in the future aligned with the
results obtained using the Binary Logit Model (BL) method.

The decizsion to wse High-Speed Rail in Thailand is influenced by
several key factors, as highlighted by the SHAP analysis in Figs. 68
Travel time is crucial, & High-Speed Rail offers a substantial time-saving
advantage over conventional buses and traing, which are often slower
amd more prone to delays. Passengers who value time efficiency, espe-
cially frequent inter-provineial travelers, find High-Speed Rail panien-
larly attractive in Thailand, where long bus rides and traffic congestion
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Fig. 6. Impact of input features.on High-Speed Railways usage prediction using
SHAP with XGBoost.

Risules in Englvweering 24 (3024) 103110

High
TRAVEL — +
ACCESS e G - —
FRED Cam—
COsT — = e—
CHIL_SIZE . +
WITING + a
HOUSE_SIZE + i
FR_TRA -*-— H
MON_HOUSE - ¢
el - —+
oa)2 +
W CARS +—
GEN 4=
o8)3 =
Lowws

4 & 4 2 L] 2
FHAP vahig (impact on medel autput)

Fig. 7. Impact of input features on High -Speed Railways usage prediction using
SHAP with LightGBM.
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Fig. 8. Impact inpui features on High-Speed Railways usage prediction using
SHAP with CatBoost.

A

are common, However, if the time savings offered by High-Speed Rail
are nol as greal a8 air rravel or il passengers prefer the Dexibility of buses
ar personal vehicles, some may opt for these alternatives. Another sig-
nificant factor is access dime o High-Speed Rail sations. Longer access
times can reduce the appeal of High-Speed Rail, especially for passen-
gers in rural areas with less developed public ransportation infra-
aruciure. Conversely, passengers in urban arest or those priocitizing
speed, comfort, and reliability may still choose High-Speed Rail, even if
access limes are longer compared (o other modes of transpart like buses
ar eonventional trains, which typically offer more flexible access paints.
Service frequency also plays a critical role in passengers” decigsions.
When High-Speed Rail services are infrequent ar the intervals berwesn
departures are oo long, passengers omy tum 1o buses, which operate
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e frequently and offer greater Mexibility. This is panicularly relevant
i Thailand, where buses are a commaon mndadumpmxaﬂm bemer_n
provinees and have fexible schedules thar
u-avel needs, eepe:ially for last-minute tripa. Cost is another key factor
h . While some pasiengers, particularly
those with higher incomes, are willing 10 pay more for the speed,
ramforr, aned eeliahiliny of HighSpeed Rail, athere are more price.
sengilive and opt for cheaper alternatives like buses or traditional
raing. When High-Speed Rail fares are pereeived as too high,
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4. Discussion

The comparison between the four models shows that the Binary Logit
Model had the lowest efficiency in analyzing travel mode choices, pri-
marily due to it imitations in handling complex, imbalanced datases.

Binary Logit Mode, being a iraditional model, aften struggles with non-
linear relarinnchips and dara hility [73] Tn . the three
machine I.es.mhm models—XGBoost, LightGBM, and  Car-

Bt {1 y, with CatBoost outperforming

often choose buses, which are much less expensive, or traing if speed iz
not & priority. Waiting time berween High-Speed Rail services is a major
deriding factor. Long waiting times make High-Speed Rail less artrac-
rive, particularly for passengers who value Jexibility and frequent de-
partures, In Thailand, where buses and airplanes offer more frequent
services, passengers may find thede allernatives more convenient.
Muoreover, longer waiting times can dissupt travel plans and extend the
overall journey duration, making High-Speed Rail less appealing 1o
those who prioritize quick and efficient rravel

Housshold income higher earners may opt for it because it saves
them rime, bul passengers with lesser incomes may not believe that
purchasing more expensive tekets i worthwhile, Additionally, having
an automobile has & variety of effects. While some passengers who own
cars prefer 1o be able to drive, others could chomse o take the High-
Speed Rail in order to escape traffic and parking issues. Gender data
indicates that women are more likely than males 1o urilize high-speed
raing, most likely due 1o their awareness of the benefits’ security and
comfort. Pasengers traveling for business or sudy show a range of
behaviors when it comes 1o their ravel habits. Some may prioritize
money and seleet less expensive options, while others may value the
time efficiency of High-Speed Rail. Tourists and leisure travelers prefer
1o steer clear of high-gpeed rail, probably due o the varbdable natere of
vacation travel, where fexibility in scheduling and cost-effeerivensss
rump speed. Similarly, shopping trips result in mixed behawior, with
some passengers choosing High-Speed Rail for convenience and others
prioritizing fexibility or cost savings.

In Fig. 9, the importance of each feature was determined by caleu-
lating the average absalute values of Shapley across the dataset. The
imput festures were ranked by their significance based on the mean
SHAP values, with higher values indicating greater importance. Addi-
tionally, the figure emphasizes the significanee of esch input variable for
the High-5peed Railways mode.

CHIL_SIZE
FR_THA
WITING
HOUSE_SIZE
MON_MCUSE
W_CARS
opjL

g

oo
OfE .
S ~ e
[ CF na on on w1z 1]
mean|[SHAP vates]) (sverage impact on model outpet lnalrtudefl

Fig. 9. Feature importance for High-Speed Railways usage using SHAP.

d:emhmﬂeurengﬂldfamm Liess in its ability 1o handle imbal-
anced datases effectively, a common challenge in iravel mode predie-
tion studies. Iis resilience 1o overfining further enhances its wiility,
making it particulady suitable for complex datasers like those used in
this analysis. Moreover, CalBoost' s robust handling of missing data and
integration with under sampling rechniques provides a more balanesd
and accurate prediction of less common travel modes, while maintaining
interpretability and accuracy acrozs the model [130].

The results from the CatBoost model underline that travel time plays
a decigive role in the choice of High-Speed Railways as a new mode of
i tation. The ifi red in travel time is a key fctor
driving passengers 1o opt for High-Speed Rail, especially in Thailand,
where conventional modes like buses or trains are aften hindered by
traffic congestion and delays. This advantage makes High-Speed Rail a
highly efficient and arcactive alternative, particularly during peak
hours when time efficiency i3 crucial. As previous studies have shown,
passengers tend 1o priocitize faster ravel options that minimize travel
time [131-1%7) In addition to rravel time, socess time is another eritical
factor. The convenience of accessing High-Speed Rail stations, especially
in wrban areas, si ly improves preference. As Thang,
Lizng [154] pointed out, reliable and predictable sccess 1o stations en-
hances overall convenience, making High-Speed Rail more appealing.
However, in more rural or less developed regions, longer aceess times
can reduce the attractivensss of High-Speed Rail as an option, which iz
‘why improving station accessibility remains a key policy recommen-
dation [135]. Serviee frequency further impacts pasengers’ choices.
Shost intervals between train asrivali impeove service efficiency and
reduce wailing times, which are critical in maintaining the system’s
eompetitive edgeover other modes like buses or airplanes. If services are
oo infrequent, passengers may opt for more fexible options like buses,
which run more frequently, especially between provinees [133]. The
cost of High-Speed Railways services i also a significant factor. Pas-
sengers with higher incomes are more willing 1o pay for faster, more
reliable transportation, as studies in other countries like India and Italy
have shown [126,136). However, for price-sensitive passengers, espe-
cially in developing regions, the higher cost of High-Speed Rail could
deter them from using the service. Balancing affordability with servics
quality is thus esgential 1o increse ridership across diverss income
groupe. Waiting time berween services is erucial in shaping the pas-
senger experience. Long waiting times negatively affect satisfaction and
reduce the likelihood of pasengers opting for High-Speed Rail, partie-
ularly when more frequent and fexible alternatives like buses and air-
planes are lable [157]. ing wail limes effi ly not oaly
enhances the travel experience but also boosis the competitivensss of
High-Speed Railways by ensuring smoother operations and improved
passenger fdow.

Family structure is one of the most important social and economic
elements influencing travel behavior in Thailand. Compared 1o bigger
families, smaller farilies ravel mare frequently, especially for leisure

In larger h holds with higher incomes are more
likely 1o own private cars, influencing their mode of ravel. The size af
the home, the family's income, whether or not 8 car 8 owned, and
whether or nod there are small children or elderly fimily members all
have an impact on travel behavior [116]). For ingtanee, becase of their
convenience and safety characteristics, families with children are
thought 1o find particular value in High-Speed Railways (HSRL In
Thailand, where traffic i itly makes long-d
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wravel difficuls, High-Speed Rail (HSR) offers a quick and effective sub-
stimute. This makes it appealing to families looking for dependable
misdes of ransportation. High-Speed Railways is a better option for
families whi value safery and punctuality because it i more socially and

lly b 1 than trad I trains and has higher taffic
efficiency [1368]. Moreover, choosing to use high-speed rail is heavily
influenced by household income. Families with lower incomes also ex-
press a desire 1o utilize High-Speed Railways because it provides greater
reliability, safety, and comforr, even though passengers with higher
incomes are more likely 1o chooss it because of i3 ime-saving advan-
rages. Thede advantages are especially erucial in places like Thailand,
where traffic and aceidents frequently make road travel uncertain. For
special trips where safery and dependability are more important than
enat, like family holidays or necessary iraved, lower-income Bamilies may
congider High-Speed Railways to be warth the additional expense. This
indicates that although cost s still an obstacle, for some population
segments the benefit offered by High-Speed Railways can outweigh the
increased price [159].

Travel preferences are influenced by owning a car. While some
people choose 1o use High-Speed Railways 1o avoid iraffic and parking
issues, othess, especially in large cities like Bangkok, like having the
freedom 1o drive. Behavior is influenced by gender as well, women are
maore likely to uwse High-Speed Railways because it feels seeure and
eomiortable. In Thailand, where concerns abour safety are commaon, this
makes High-Speed Railways more alluring 1o female travelers. Business
and study travelers have different preferences when it comes 10 trans-
portation. While some choose more affordable options, others enjoy
High-Speed Railways "s ability 1o save time, especially when raveling
from an urban location toa rural one. Meanwhile, High-Speed Railways
is usually avoided by tourists and leisure vigsitors in favor of more fex-
ible and cost-effiective options like buses or private cars. High-Speed
Railways networks offer quick and effective ransportation, making it
passible for frequent iravelers o go where they're going withour diffi-
enlry, & Huang, Song [139] further highlights, When it comes 1o pas-
sengers with tight schedules, ineluding those whe are going for business
or school, High-Speed Railways s timeliness guarameu de-pmchm
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(07140 & 0.0129), precigion (0.7376 < (LDOBS), and F1 soore (07513
4+ 0.055) were moderate, but it struggled with handling imbalaneed
data. In contrast, XGBoost showed significantly stronger resulis, with an
aceuracy of (LBB46 + 0UDEE, a sensitivity of 0.9210 & 0.0094, and an
AUC of 09583 4 00036, XGBoost alse delivered high specificity
(08464 & 0.0062), precision (L8630 £ 0LD0S5), and F1 score (08910
4+ (UDDGT). LightGEM also performed well, with an accuracy of 08763
4+ 00077 and a relatively high sensitivity of 0.9358 4 0,007 1. However,
it exhibited lower specificity (0.8139 & 0.0107) and precision (0.B408
£ D.DDBS), resulting in a slightly reduced F1 score of 0.8B57 4 0.0069
and an AUC of 09506 + 0.0034. CaBoost demonstrated the highest
overall performance, with its ability 10 handle imbalanced dagases,
avoid overfitting, and provide clear imterpretability through SHAP
walues, making it the mos effective model for predicting High-Speed
Rail wage, outperforming XGBoost, LightGEM, and BL. The relatively
higher performance of CatBoost can be generalizable o similar studies
in different regions or countries, depending on the structure and char-
acteristics of the datazet in each region, such as sorial and demographic
diversity, transportation optiong, and regional rransportation policies.
The decision 1o use High-Speed Rail (High-Speed Railways) in
Thailand is influenced by several key factors, reflecting the unique
transpartation context of the country. Travel time is a major advantage,
with High-Speed Railways offering faster journeys compared 1o buses
and eonventional traing, which are prone to delays, making it appealing
to frequent inter-provineial ravelers. However, if time savings are not
significant compared 1o air travel or if passengers prefer the Nexibility of
biiset ar peivate cars, High-Speed Railways may not be their preferred
cholee. Aceess time (o stations also plays a eritical role, especially for
rural passengers where public transport infrastrueture is less developed,
though wrban raveless may aill prioritize High-Speed Railways for ig
speed and reliability. Mixed responses regarding access time are
observed; some passengers still choose High-Speed Railways despite
longer station access due 1o its overall comfort and speed, while others
prefer buses or personal vehicles for greater fexibility. Serwice fre-
quency is another crucial factor; infrequent departures could drive
passengers 1o opt for buses, which provide more dexible schedules. Cest,

wravel. Because of its dependability, High-Speed Railway

tive chodee for long-distance or intereity travel, parllcu]ar]}- in Tha.llnd
where road traffie can be unpredictable. In conclusion, considering i
benefits in terms of speed, safery, and dependability, High-Speed Rail-
wiys is a desirable alternative for families, women, and those with
better incomes in Thailand. Lower-clase vigitors may find High-Speed
Railways less appealing becsuse of its expense, but many of them srill
think it"s & good choice for special oecasions because of i otal valoe,
While travelers and those looking for fAexibility could faver les
expensive options, messures (o alleviate these sociopconamic gaps and
enhanee accessibility o High-Speed Railways might encourage use
among & wider range of income levels.

5. Conclusion and policy implications

Thailand's collaboration with China o develop High-Spesd Rail
(HSR) is a erucial step in enhancing rransportation infrastructure and
bocsting regional econamic growth. While most ressarch focuses on
existing travel modes like cars, buses, and planes, there's a lack af
analysis on futere ransport choiees, partieularly in developing nations
like Thailand. This study sddresses this gap by analyzing factors influ-
encing highspaed 'Raleag-g adnpum, such & access lime, serviee fre-
quency, and 1o shape future traveler
dirigions.

The comparison of models for predicting High-Speed Rail usage
revealed that CaiBomst consistently outperformed the other models, with
eross-validation confirming its superior performance across all key
metrics. The Bisary Logit Model (BL) demonstrated moderate effec-
riveness, achieving an aceuracy of 0.7404 4 0,006, sensitivity of 0.,7655
< 0.006, and a relatively lower AUC of 0.8161 £ D.0067. s specificity

14

thether high or bow, leads 1o mived behavior: some pasdengers are
willing 10 pay more for the convenience and time svings High-Speed
Railways offers, while sthers may opt for cheaper allernatives regard-
less of High-Speed Railways's affordability. Waiting time between ser-
vices can further dissuade passengers, especially in Thailand, where
buises and airplanes offer more requent options. Household income and
automobile ownership abko influence preferences, with higher eamers
and those without ears more inclined to chomse High-Speed Railways.
‘Women are more likely than males o select High-Speed Railways in
Thailand, probably because of its comiort and safery charactesisties.
This suggests that gender playe a part. The reason for the wip also
counts. While consumers and leisure rravelers have mixed tasies and
frequently value fexibility and cost savings over speed, business amd
sudy commuters prefer High-Speed Railways for its time efficiency. The
use of High-Speed Railways in Thailand is influenced by a number af
factors that together show the population’s varied requirements and
habits.

By taking into account elements related 1o travel behavior, paliey-
makers can gain & better understanding of how people make trans-
portation decisions and develop solutions thar can be customized 1o
support high-speed rail and remove adoption hurdles. Policymakers can
more successfully focus policies 1o promote sustainable transportation
choices and remove barrers 1o HSR adoplion by understanding re-
actions 1o various circumstances To effectively promote High-Speed Rail
[HSH) usage in Thailand, several key policy actiong can be implemented.

» Enhancing Confidence in High-Speed Railways: Publicizing data on
reduced travel times compared 1o cars and other modes will build
publie st in the speed and punciuality of High-Speed Railways.
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o Incressing Service Frequency: Adjusting High-Speed Railways
schedules 10 meet peak demand during mornings, evenings, and
weekends, and adding extra services during festivale, will reduce
waiting times and enhanee service availability.

» Competitive Pricing: Offering discount packages for groups like
students, families, and seniors, and seasonal promotions, will make
High-Speed Railways more aitractive, especially compared 10 other
Iransport oplions.

» Reducing Station Waiting Time: Streamlining boarding processes
through more efficient ticketing systems, online reservations, and
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links (buses, metro) to High-Speed Railways stations will imprm
accessibility, particularly from Areas, more
people 1o we High-Speed Railways.

» Family-Friendly Services: Providing family-oriented services like
child-friendly areas, diaper-changing stations, and family ravel
discounts will make High-Speed Railways more appealing 1o
families.

» Targeling Car Users: Highlighting benefits like reduced travel fa-
tigue, lower accident risks, and long-distance cost savings will
encourage car users 1o switch 1o High-Speed Railways. Offering
secure parking options at stations will facilitate this shift.

» Ongoing Public Relations Campaigns A continuous public relations
effort is essential to raise awareness of High-Speed Railways 's
benefits and address public concerns, ensuring widespread adoption
of this mode of ravel.

While these policies can promote High-Speed Railways, there are
practical limitations to consider. Financial constraintg, such a8 fund
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for discounts and infrastructure improvements, must be addressed.
Increasing irain frequency i3 challenging due 1o physical infrastriciuse
limits. Human resouree mamagement, legal approvals, and eomplianee
with environmental regulations must also be considered. Regular data
collection and evaluation will ensure that policies are adapted 10 pas-
senger peeds, maximizing the long-term suceess of High-Speed Railways
in Thailand.

5.1. Limitations and further nesearch

This smudy has several limitations. First, the use of hypothetieal
seenarios and reliance on estimated data, as the High-Speed Railways
infrastruciure was nol yel constructed, may introduce uncertainly inte
the findings. Additionally, the absence of real-world behaviocal data and
potential variations in travel preferences over time could affect the
generalizability of the results. There are also potential bizses inherent in
the sell-administered questionnaires used in the study, and the short
data callection period may not fully capture long-term travel behavior
changes. Furthermore, the reliance on a single method of data collection
iy limit the comprehensiveness of the findings, particulardy as the
study forused on ravel mode choiee during a specific imeframe. These
factors may influence the accuracy and generalizability of the models
used, especially as iransportation preferences evolve due 1o cconomic or
infragtructural changes.

For fulure research, il 8 recommended 1o inlegrate a vasiety of data
sources, such as real-time rscking techaologies (eg, UAV-based object
rracking ) and longer-term data eollection. This approach would provide
maore dymamic insights and enh the dictive power of h
learning models. Additionally, {mnmmdmlme the: beoader

and envi al of High-Speed It.nl]m_';!dw!l-
opment in Thailand, i post-launch e 4
veys o asees safisfaction and service effectiveness. Such data wauldhe
invalwable for refiming rransportation policies and improving the High-
Speed Railways serviees o better meet the evolving needs of the
population.
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