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 This study examines factors influencing Thai commuters’ willingness to adopt 

Mobility as a Service (MaaS) using an extended Unified Theory of Acceptance and Use 

of Technology (UTAUT2) model. The model incorporates privacy concerns, perceived 

risk, and price sensitivity to better reflect adoption behavior in emerging transportation 

contexts. Data were collected from 418 respondents across Thailand via an online 

questionnaire and analyzed using Structural Equation Modeling (SEM). Analysis 

revealed that Performance Expectancy, Hedonic Motivation, Habit, Price Sensitivity, 

Privacy Concerns, and Perceived Risk positively influence MaaS adoption willingness, 

while Social Influence showed negative effects. Facilitating Conditions and Habit 

directly affected Usage Behavior. Effort Expectancy and Price Value had no significant 

impact. Demographic analysis found rural residents and older users (36+) prioritized 

Facilitating Conditions, females emphasized Effort Expectancy, and vehicle ownership 

moderated multiple relationships.  These insights advance theoretical understanding of 

MaaS adoption in emerging markets and offer practical guidance for service providers 

and policymakers. Prioritizing service quality, rural infrastructure, and transparent 

privacy policies is crucial to promote adoption and support sustainable urban mobility 

in Thailand. 
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CHAPTER 1 

INTRODUCTION 

1.1  Background 

In recent decades, global transportation systems have faced significant 

challenges due to increasing urbanization, rising vehicle ownership, and evolving 

mobility needs. Public transport has struggled to compete with private cars as global 

car ownership rates increase with rising incomes and greater vehicle affordability.  

The continued decentralization of suburban areas has created land use and travel 

patterns that are challenging to service efficiently by mass transit systems (Buehler & 

Pucher, 2012). Worldwide passenger transport demand is expected to increase to 110 

trillion passenger-kilometers by 2060, with most of this growth occurring in developing 

countries where populations and economies are expanding rapidly. Many cities in both 

industrial and developing nations suffer from severe traffic congestion due to increased 

transport demand, leading to significant economic losses, heightened pollution, 

excessive energy consumption, and extended travel times (Kii et al., 2021). 

Thailand, as a developing country facing rapid urbanization, presents a clear 

example of these transportation challenges. Statistical data on registered vehicles in 

Thailand from 2017-2021 shows a growth rate of 1.90%, approximately 0.95 million 

additional units annually, with passenger cars showing the most significant increase at 

4.27%. During the same period, public motorcycles decreased by 3.62%, while buses, 

non-buses, and small commercial vehicles declined by 3.60%, 1.37%, and 2.56% 

respectively (Department of Land Transport, 2021). This trend of rising private vehicle 

ownership alongside declining public transport availability has created substantial 

problems including traffic congestion, compromised mental health, air pollution, and 

noise pollution (Jomnonkwao et al., 2016). The decrease in public transportation 

options further indicates a concerning shift away from shared mobility solutions toward 

individual transportation modes. 
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From a logistics and supply chain management perspective, passenger 

transportation represents a significant component of the broader mobility ecosystem. 

Each transport mode forms a critical link in what can be conceptualized as a passenger 

transportation supply chain, where inefficiencies in one segment affect the entire 

system. Thailand’s primary travel mode remains road-based (61.46% of all journeys), 

followed by electric trains (23.76%), as shown in Figure 1.1. This modal imbalance 

results in the highest and steadily increasing energy consumption in road travel from 

2009 to 2018, as illustrated in Figure 1.2. Such inefficiencies in the passenger logistics 

chain directly impact economic productivity, environmental sustainability, and quality 

of life. 

Source Department of Land Transport (2021) 

Figure 1.1 Passenger by Transport Mode 2018 

Source Department of Land Transport (2021) 

Figure 1.2 Energy Consumption by Transport Mode from 2009 to 2018 
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The concept of Mobility as a Service (MaaS) represents an innovative logistics 

solution that addresses these transportation challenges through supply chain integration 

principles. MaaS applies established logistics concepts—such as integration, 

coordination, and optimization—to passenger transportation rather than freight 

movement. In essence, MaaS functions as an integrated passenger logistics platform 

that coordinates multiple transportation providers within a single ecosystem, optimizing 

the entire mobility supply chain from origin to destination. 

MaaS utilizes advanced information communication technology (ICT) and 

Internet of Things (IoT) capabilities to enhance public transport convenience and 

efficiency. This comprehensive transportation management system integrates various 

transport modes to offer customizable mobility packages through a single interface. 

Whether paying per trip or subscribing to monthly packages, transactions occur through 

a unified platform similar to mobile phone contracts. Additional services such as trip 

planning, schedule verification, booking, and information access are consolidated into 

a single application (Jittrapirom et al., 2017a; Kamargianni et al., 2016). This approach 

enables users to make optimized travel decisions based on personal preferences, 

whether prioritizing convenience, speed, or cost-effectiveness. The platform acts as  

an intermediary connecting both public and private transportation services, creating  

a seamless mobility supply chain for users. 

As consumer expectations evolve across sectors, transportation services must 

adapt to deliver greater value through integrated "as-a-service" models. Technological 

advancements and the release of transportation datasets have already enhanced traveler 

experiences, while shifting consumption patterns suggest increasing adoption of new 

mobility models that could reduce reliance on private vehicle ownership (Datson, 

2016). This trend aligns with the MaaS concept, which originated in Europe and has 

spread globally. From a user perspective, MaaS is anticipated to play a crucial role in 

facilitating the transition from private cars to integrated public transportation options 

(Sakai, 2020), effectively redesigning the passenger logistics chain to optimize resource 

utilization and minimize inefficiencies. 
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1.2  Research Inspiration  

The severe traffic congestion and increasing transportation challenges in 

Thailand affect multiple dimensions of urban life, from economic productivity to 

environmental quality. These issues represent significant inefficiencies in the passenger 

logistics supply chain that require innovative solutions. The MaaS concept provides  

a compelling framework for addressing these challenges by applying supply chain 

management principles to passenger transportation. 

From a logistics perspective, MaaS represents a paradigm shift that treats 

mobility as an integrated service rather than disconnected transport modes.  

This approach views passenger movement as a continuous supply chain where each 

transportation mode forms a critical link that must be optimized and coordinated with 

others. By integrating payment systems, travel information, and booking functions, 

MaaS creates a more efficient and responsive passenger logistics system. 

Previous research on MaaS in Thailand has primarily examined the service 

provider perspective, with stakeholders expressing agreement with the MaaS concept 

and anticipating benefits from mass transit system integration for both service providers 

and users. However, significant concerns remain regarding implementation, as MaaS 

remains a relatively new concept for Thailand that requires serious cooperation between 

public and private sectors (Narupiti, 2019). An experimental study in Phuket 

demonstrated that app-based simulations could influence user travel behavior through 

data insights, though the application’s impact on promoting public transportation usage 

was limited. The study emphasized that information accuracy is essential for building 

public trust and encouraging wider participation (Khaimook et al., 2019). 

While existing MaaS research in Thailand has provided valuable insights from 

the supply side of the passenger logistics chain, there remains a significant gap in 

understanding the demand side—specifically, end-users’ willingness to adopt MaaS.  

As with any supply chain, both supply and demand perspectives must be understood to 

create an efficient system. Recognizing that the MaaS concept is still emerging in 

Thailand with limited public awareness, this research aims to explore end-user 

perspectives to complement existing supply-side research. By understanding both sides 
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of the passenger logistics chain, stakeholders can develop more effective 

implementation strategies that align service capabilities with user needs and 

preferences. 

1.3  Research Objectives and Questions  

This research aims to examine MaaS as an emerging passenger logistics 

solution and analyze the critical factors influencing user willingness to adopt this 

technology in Thailand. By applying principles from logistics and supply chain 

management to passenger transportation, the study seeks to understand how integrated 

mobility services can transform urban transportation systems. The specific objectives 

and research questions are formulated as follows 

Research Objectives 1: To explore the overall acceptance level among potential 

Thai commuters toward MaaS as an integrated passenger logistics solution and assess 

the possibilities for successful implementation in Thailand’s transportation ecosystem. 

Research Questions1: To what extent are Thai commuters willing to accept 

MaaS as their primary mobility management system? 

Research Objectives 2: To identify and analyze the most significant concerns 

and requirements influencing potential users’ adoption decisions regarding MaaS in 

Thailand. 

Research Questions 2: What factors most strongly influence user willingness to 

adopt MaaS from a passenger logistics perspective? 

Research Objectives 3: To develop user profiles and adoption patterns that can 

inform stakeholder strategies for effectively implementing MaaS systems within 

Thailand’s transportation network. 

Research Questions 3: What traveler characteristics and influence factors 

should stakeholders prioritize when planning and operating future MaaS deployments 

in Thailand? 

By addressing these objectives and questions, this research will contribute to 

the understanding of how integrated mobility platforms can enhance passenger logistics 
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efficiency in emerging markets, while providing practical insights for transportation 

providers, technology developers, and policy makers. 

1.4  Scope of Study 

This study focuses on analyzing the willingness to adopt MaaS technology 

among the Thai population through a comprehensive assessment of user perspectives 

and adoption factors. To ensure broad representation and capture diverse perspectives 

across Thailand’s varied transportation contexts, the research employs a nationwide 

random sampling approach that encompasses urban, suburban, and rural areas.  

This sampling strategy provides insights from multiple geographic regions and 

demographic segments, enabling a more holistic understanding of MaaS adoption 

potential throughout the country. 

The research methodology begins with a thorough examination of relevant 

literature to identify potential adoption factors and develop appropriate hypotheses.  

A Structural Equation Model (SEM) is constructed to analyze the relationships between 

identified factors, with Exploratory Factor Analysis (EFA) employed to assess 

reliability based on population data and travel behavior patterns. Confirmatory Factor 

Analysis (CFA) is then utilized to identify and evaluate the critical factors that influence 

MaaS adoption. 

The study’s analytical scope encompasses both technological adoption 

perspectives and passenger logistics considerations, examining how the integration of 

transportation services through MaaS platforms could transform urban mobility 

management. By analyzing preferences and concerns across diverse user segments 

within Thailand’s transportation ecosystem, the research provides comprehensive 

insights that can guide stakeholders in developing effective MaaS implementation 

strategies aligned with the needs and expectations of Thailand’s heterogeneous 

commuter population. 
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1.5  Research Conceptual Framework 

This study proposes a conceptual framework based on an extended UTAUT2 

model for examining MaaS adoption determinants in Thailand, as illustrated in Figure 

1.3. The framework encompasses several integrated components for comprehensive 

analysis. The UTAUT2 base factors are categorized into three dimensions: 

technological (Performance Expectancy, Effort Expectancy, Facilitating Conditions), 

economic (Price Value) and social (Social Influence, Hedonic Motivation, Habit). 

These established constructions represent fundamental technology acceptance 

determinants validated in previous research. 

The framework incorporates extended factors specific to the MaaS context:  

an economic extension (Price Sensitivity) and trust dimension (Privacy Concerns, 

Perceived Risk). Additionally, the passenger logistics perspective emphasizes critical 

MaaS characteristics—integration of transport modes, optimization of passenger 

movement, and service provider coordination within the mobility ecosystem.  

The dependent variables comprise Willingness to Use MaaS and subsequent Usage 

Behavior. Directional paths indicate hypothesized relationships, with certain factors 

potentially influencing both adoption intention and actual utilization behavior. 

Demographic variables (Age, Gender, Residence, and Vehicle Ownership) are 

positioned as moderating variables that may affect the relationship strength between 

constructs, allowing for a nuanced analysis of adoption patterns across different 

population segments. 

The methodological approach employs Structural Equation Modeling (SEM) 

following a sequential analytical procedure from exploratory analysis through 

hypothesis testing and multi-group comparisons. 

This framework provides a structured approach for examining the complex 

interrelationships between technological, economic, social, and trust factors in MaaS 

adoption within Thailand’s transportation context. 



 

 

 

Figure 1.3 Research flow chart 
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CHAPTER 2 

LITERATURE REVIEW 

2.1  Mobility as a Service (MaaS) 

Mobility as a Service (MaaS) represents an innovative transportation paradigm 

that integrates various transport systems into a unified service offering. It is  

a comprehensive system that combines different modes of transport to provide 

customizable mobility packages. Whether paying for services on a per-trip basis or 

through monthly subscription packages, all transactions can be executed through  

a single interface, similar to a monthly mobile phone contract. MaaS also incorporates 

additional services such as trip planning, schedule checking, booking facilities, and 

event information within a single application or One-Stop Service, maximizing user 

convenience (Jittrapirom et al., 2017a; Kamargianni et al., 2016). 

Transportation mobility is a ubiquitous global service in both urban and rural 

areas (Lopez-Carreiro et al., 2020). However, as noted by Kim et al. (2021) and Matyas 

and Kamargianni (2019), metropolitan areas tend to experience rapid growth and 

continuous technological development, including innovative mobile applications 

designed to serve various transportation needs (Ye et al., 2020; Tsouros et al., 2021). 

MaaS has emerged as a crucial solution for shifting transportation demand away from 

private vehicles (Kamargianni et al., 2016), encompassing traditional modes such as 

cars and bicycles that are prevalent across Europe (Jain et al., 2020; Schikofsky et al., 

2020), including cities like Madrid, Spain (Lopez-Carreiro, Monzon, & Lopez-Lambas, 

2021), West Midland, England (Ho et al., 2018; Lyons et al., 2019), and Randstad,  

The Netherlands (Lopez-Carreiro, Monzon, & Lopez-Lambas, 2021). 

MaaS leverages the latest information communication technology (ICT) and 

Internet of Things (IoT) to enhance public transport convenience. From a user 

perspective, MaaS is expected to play a significant role in promoting the transition from 

passenger cars to public transport (Sakai, 2020). Current applications include Google 

Map, EMT App, Mi Transporte (Lopez-Carreiro, Monzon, Lois, et al., 2021), UbiGo 



10 

(Lyons et al., 2019; Yuen et al., n.d.), Whim (Lyons et al., 2019), Uber, GoGet (Ho et 

al., 2018), and NaviGoGo (Lyons et al., 2019). The design focus of these platforms 

centers on creating user-friendly single digital interfaces (Caiati et al., 2020; Lopez-

Carreiro et al., 2020). 

Source Arias-Molinares and García-Palomares (2020) 

Figure 2.1 MaaS Provider 

As illustrated in Figure 2.1, the MaaS provider acts as an intermediary 

connecting various public and private transportation services. Ye et al. (2020) 

emphasize that information is available as a real-time service, covering reservation, 

ticketing, and flexible travel information. Passengers can access real-time information 

with desired services from origin to destination through a single app (Mehdizadeh 

Dastjerdi et al., 2019). Lopez-Carreiro, Monzon, and Lopez-Lambas (2021) and 

Monzon et al. (2013) further highlight additional features such as integrated payment 

systems (Jittrapirom et al., 2017b), multi-modal travel routes (Li & Voege, 2017), and 

frequency optimization to meet user needs. 

The Whim application, as shown in Figure 2.2, exemplifies a successful 

implementation of MaaS principles. According to Lyons et al. (2019), Whim benefits 

travelers seeking the most efficient way to reach their destinations by integrating 

multiple public transportation modes, including buses, trains, and taxis. Users can plan 
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their journeys based on timing requirements and budget constraints, making travel more 

accessible and convenient. 

MaaS implementation involves multiple dimensions, including privacy 

concerns (Hewitt et al., 2019; Kun et al., n.d.), control needs, environmental 

consciousness (Andersson et al., 2018), and integrated service expectations (Hensher, 

2020). Understanding these dimensions is essential for developing effective MaaS 

solutions that meet diverse user needs and preferences. 

 

Source Lyons et al. (2019) 

Figure 2.2 Whim Application 

2.2  Level of MaaS Integration 

The concept of MaaS encompasses varying degrees of integration, which 

researchers have systematically categorized to facilitate discourse, compare services, 

assess potential impacts, and incorporate societal objectives. Sochor et al. (2018) 

developed a comprehensive typology of MaaS that spans from Level 0 to Level 4, each 

representing different form of integration involving information dissemination, 

booking services, payment systems, service offerings, and alignment with broader 

societal goals. 
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Building upon this foundation, Lyons et al. (2019) introduced a more refined 

taxonomy known as “Levels of MaaS Integration (LMI),” which expands the spectrum 

into five distinct levels: 

Level 0 (No Integration): Represents traditional separate transportation services 

with no integration. 

Level 1 (Basic Integration): Focuses on foundational integration, primarily 

involving information sharing across transport modes. 

Level 2 (Intermediate Integration): Incorporates booking and payment functions 

across multiple transportation services. 

Level 3 (Partial Integration): Introduces bundled mobility packages and 

subscription options. 

Level 4 (Full Integration under Specific Conditions): Provides comprehensive 

integration of planning, booking, payment, and service delivery under defined 

parameters. 

Level 5 (Complete Integration): Represents the ultimate goal of MaaS—

seamless integration across all conditions and contexts, offering a mobility solution 

comparable in convenience to private vehicle ownership. 

Understanding these integration levels is crucial for identifying barriers and 

facilitators at each stage of MaaS development. Such insights enable the creation of 

targeted strategies aligned with specific MaaS levels and societal objectives, thereby 

advancing the evolution of MaaS services to effectively address diverse societal needs 

(Sochor et al., 2018; Lyons et al., 2019). The progression through these levels 

represents the trajectory toward achieving a fully integrated operational system that 

delivers substantial benefits for both users and society at large (Kamargianni et al., 

2016; Jittrapirom et al., 2017b). 

The LMI framework emphasizes that the primary objective of MaaS is to 

enhance user convenience through seamless, door-to-door journeys (Ho et al., 2018; 

Lopez-Carreiro, Monzon, & Lopez-Lambas, 2021). Achieving Level 5 integration 

would provide a mobility solution matching the convenience of private vehicle 

ownership in fulfilling users’ transportation requirements (Hensher, 2020; Lyons et al., 

2019). This systematic approach to categorizing MaaS integration levels provides  

a valuable framework for researchers, policymakers, and service providers to assess 
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and advance MaaS implementations in various contexts, including Thailand’s emerging 

MaaS ecosystem (Narupiti, 2019; Khaimook et al., 2019). 

2.3  Willingness to Accept MaaS  

The acceptance and expectations of users regarding MaaS within public 

transportation settings are intricate to demographic, socioeconomic, and travel-related 

factors (Alonso-González et al., 2020; Schikofsky et al., 2020). First, demographic 

factors, such as age, gender, and education level, could provide insights into travelers’ 

behavioral patterns (Hensher, 2020; Lyons et al., 2019). Socioeconomic factors 

encompass various dimensions, for example gender, income, occupation, household 

structure, and residence, and could considerably shape user attitudes and preferences 

by compiling with age and education structures (Kim et al., 2021; Lopez-Carreiro  

et al., 2020). Lastly, travel-related factors, such as party size, destination familiarity, 

and preferred modes of travel, are significantly influenced by user acceptance  

(Le-Klähn et al., 2015; Ye et al., 2020). From previous studies by Lyons et al. (2019) 

and Zijlstra et al. (2020), they revealed that initiatives like NaviGoGo in Scotland 

influenced behavioral changes among public transportation users, particularly 

emphasizing tailored service provision for passengers aged 16-25, based on demand for 

booking accounts. Similar trends in the Netherlands indicate that teenagers generally 

demonstrate a better understanding and higher acceptance of travel application 

innovations.(Tsouros et al., 2021). 

The preferred mode of transportation for users varies based on individual needs 

and circumstances. For example, taxis continue to be popular for single-occupancy 

trips. Whereas other modes, such as trains and bikes, are favored for group travel 

accommodating multiple occupants (Bagozzi, 2007; Jain et al., 2020; Lopez-Carreiro, 

Monzon, & Lopez-Lambas, 2021). Travel-related factors information is considered to 

impact the transportation modes since individuals have different attitudes and intentions 

for their journey (Chansuk et al., 2022; Lyons, 2006, 2008). Service providers are 

consistently striving to enhance user experiences by catering to individualized travel 

needs, including timing preferences and route options (Chorus et al., 2006). Similarly, 

operational challenges persist in cities such as Copenhagen, Denmark, highlighting  
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the ongoing efforts required for the seamless integration of new travel applications 

(Dastjerdi et al., 2019). Safety concerns regarding the security of personal information 

and potential distractions during technology utilization underscore the importance of 

ensuring user trust and confidence in MaaS platforms (Alhassan et al., 2022; 

Stiegemeier et al., 2022). These factors collectively influence user acceptance and serve 

as critical determinants of the success or failure of MaaS initiatives (Le-Klähn et al., 

2015). 

A variety of studies utilizing different analytical methodologies provided 

valuable insights into an individual’s willingness to embrace MaaS across diverse 

contexts, emphasizing the multifaceted nature of user acceptance (Alonso-González  

et al., 2020; Ho et al., 2018; Tsouros et al., 2021). From latent class cluster analysis to 

unified theory models, this study delves into the complex interplay of attitudes, 

preferences, and behaviors driving MaaS adoption (Altay & Okumuş, 2022). For  

the past decades, various studies related to individual willingness and MaaS adoption 

have been published, thus we summarized in Table 2.1 to highlight the diversity of 

research methodologies and case studies employed in this field of study. 

Table 2.1 Individuals’ willingness to adopt MaaS 

Reference / 

Study Area  
Objective 

Analysis 

Method 

Ho et al. 

(2018) / 

Sydney, 

Australia 

- Determine the inclinations and adoption of 

MaaS. 

- Assess the willingness-to-pay for different 

MaaS products. 

Stated Preference 

(SP) method, 

Multinominal 

logistic model 

(MNL) 
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Table 2.1 (continued) 

Reference / 

Study Area  
Objective 

Analysis 

Method 

Alonso-

González et 

al. (2020) / 

the 

Netherlands 

- Identify factors influencing MaaS adoption 

based on survey data. 

- Propose policy implications for future MaaS 

adoption. 

Latent Class 

Cluster Analysis 

Model (LCCA), 

Exploratory 

Factor Analysis 

(EFA) 

Zijlstra et al. 

(2020) / the 

Netherlands 

- Develop a Latent Demand for MaaS Index 

(LDMI) to identify early adopters of MaaS. 

- Provide insights into the potential uptake of 

MaaS and its impact on travel behavior and 

users. 

Confirmatory 

Factor Analysis 

(CFA) 

Ye et al. 

(2020) / 

Shanghai, 

China 

- Analyze general user acceptability of MaaS. 

- Investigate the viability of implementing the 

MaaS platform. 

- Identify key user requests to assist MaaS 

operators in creating successful marketing 

campaigns. 

- Analyze driving factors and group differences 

in MaaS adoption. 

Unified Theory 

of Acceptance 

and Use 

Technology 

Model (UTAUT) 

Schikofsky 

et al. (2020) 

/ Germany 

- Identify motivational determinants for MaaS 

adoption intention. 

- Investigate the structural interrelations of 

motivational mechanisms. 

Technology 

Acceptance 

Model (TAM), 

Partial Least-

Square (PLS) 
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Table 2.1 (continued) 

Reference / 

Study Area  
Objective 

Analysis 

Method 

Lopez-

Carreiro, 

Monzon, 

Lois, et al. 

(2021) / 

Madrid, 

Spain 

- Enhance understanding of MaaS adoption by 

exploring motivational drivers among 

travelers. 

- Integrate attitudinal and personality factors 

into MaaS research. 

- Identify user clusters in the Madrid 

metropolitan area based on current mobility 

behaviors and inclinations towards MaaS. 

- Provide tailored recommendations for 

promoting MaaS adoption among different 

traveler profiles. 

TAM, EFA, 

CFA, Structural 

Equation 

Modeling 

(SEM), Cluster 

Analysis (CLA) 

Lopez-

Carreiro, 

Monzon, 

and Lopez-

Lambas 

(2021) / 

Madrid, 

Spain, and 

Randstad, 

the 

Netherlands 

- Discover factors influencing people’s 

readiness to embrace MaaS, focusing on 

demographic, socioeconomic, and travel-

related variables. 

- Determine which population segments are 

more likely to adopt MaaS. 

- Develop customized policy recommendations 

to enhance MaaS acceptability. 

- Provide insightful information to 

policymakers on implementing sustainable 

mobility plans. 

Generalized 

ordered logit 

(Gologit) model 

  



17 

Table 2.1 (continued) 

Reference / 

Study Area  
Objective 

Analysis 

Method 

Tsouros et 

al. (2021) / 

Manchester, 

the United 

Kingdom 

- Address gaps from existing research by 

investigating user preferences for MaaS. 

- Assess the popularity of different MaaS plans. 

- Evaluate willingness-to-pay (WTP) for MaaS 

plans using survey and experimental data. 

MNL 

Altay and 

Okumuş 

(2022) / 

Turkey 

- Explore motivations for adopting multimodal 

trip-planning applications. 

- Identify variables influencing attitudes and 

intended behaviors towards application 

adoption. 

- Propose a TAM-based model integrating 

perceived mobility and social influence to 

explain adoption of integrated mobility 

technologies. 

TAM 

Toyama 

(2022) / 

Japan 

- Apply the UTAUT2 model to identify factors 

influencing consumers’ intention to use MaaS. 

- Focus on price value, hedonic incentive, 

social influence, and performance expectancy. 

- Investigate the impact of age on these factors 

and interactions. 

- Provide theoretical and practical insights to 

enhance MaaS adoption and acceptance 

among customers. 

Extending the 

Unified Theory 

of Acceptance 

and Use of 

Technology 

(UTAUT2) 
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Table 2.1 (continued) 

Reference / 

Study Area  
Objective 

Analysis 

Method 

This study / 

Thailand 

- Investigate factors influencing the adoption of 

MaaS among public commuters in Thailand. 

- Apply technology acceptance theory to 

understand commuter willingness towards 

MaaS. 

- Utilize the UTAUT2 model and integrate 

extended factors including privacy concerns 

(PC), perceived risk (PR), and price 

sensitivity (PS). 

- Enhance understanding of how these factors 

affect MaaS adoption in the Thai context. 

UTAUT2 

2.4  Use of Technology Acceptance Models  

The Unified Theory of Acceptance and Use of Technology (UTAUT) is  

the original model to summarize the core variables to study travelers’ behavior and 

attitudes when technology is applied daily (Stiegemeier et al., 2022) regarding 

acceptance rate. On the other hand, UTAUT also adds up with the corresponding latent 

variable, based on the research of (Ye et al., 2020). 

Alkhwaldi and Kamala (2017) explained that to determine acceptance in terms 

of behavior and decision-making, information, psychology, and sociology (Venkatesh 

et al., 2003) must be considered and applied to complete the design model and 

hypothesis. The role model that inspired this research is from eight models together 

(Alkhwaldi & Kamala, 2017; Venkatesh et al., 2003), including; The MaaS, often 

implied with the Theory of Reasoned Action (TRA), Social Cognitive Theory (SCT), 

Technology Acceptance Models (TAM), Theory of Planned Behavior (TPB), Model of 

PC Utilization (MPCU), Diffusion of Innovation (DOI), and Motivational Model 

(MM). After analyzing the combination, the result shows the Unified Theory of 
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Acceptance and Use of Technology (UTAUT) developed to extend the Unified Theory 

of Acceptance and Use of Technology (UTAUT2) model. 

 

Source Alkhwaldi and Kamala (2017) 

Figure 2.3 Development of Unified Theory of Acceptance and Use of Technology 

Model  

Figure 2.3 illustrates the evolutionary pathway of technology acceptance 

models culminating in UTAUT. It demonstrates how eight fundamental theories and 

models (TRA, TPB, TAM, MM, MPCU, IDT, SCT, and C-TAM-TPB) contributed to 

the development of UTAUT, highlighting the theoretical integration process that 

enhances the model’s explanatory power for technology acceptance and use behavior. 

UTAUT and UTAUT2 models are particularly well-suited for studying MaaS 

adoption for several compelling reasons. First, MaaS represents a technology-

dependent, user-centric transportation solution that integrates multiple dimensions of 

user acceptance, aligning perfectly with UTAUT’s multifactorial approach (Toyama, 

2022). The model’s comprehensive coverage of performance expectancy, effort 

expectancy, social influence, and facilitating conditions provides a robust framework 

for understanding the complex interplay of factors affecting travelers’ willingness to 

adopt such innovative mobility solutions (Lopez-Carreiro et al., 2021). 
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Furthermore, UTAUT2’s extended constructs—hedonic motivation, price 

value, and habit—address the consumer-oriented nature of MaaS, capturing  

the experiential aspects of mobility services that traditional transportation models often 

overlook (Ye et al., 2020). This alignment is particularly relevant for Thailand’s 

emerging MaaS landscape, where user experience, cost considerations, and established 

travel behaviors significantly influence adoption decisions (Narupiti, 2019).  

The UTAUT2 framework allows researchers to systematically evaluate these critical 

factors while accommodating contextual variables such as age, gender, and regional 

differences that characterize Thailand’s diverse transportation user base (Khaimook  

et al., 2019). 

Nevertheless, this research adopted the model from Alkhwaldi and Kamala, 

then developed to self-model that focuses only on the Technology Acceptance Model 

(TAM), the Unified Theory of Acceptance and Use of Technology (UTAUT), and  

the Extending of the Unified Theory of Acceptance and Use of Technology (UTAUT2) 

which related with the User Acceptance of Technology. In this study, the research will 

focus on behavior and travel application technology.  

Table 2.2 presents a comprehensive overview of studies applying UTAUT2 in 

various technology adoption contexts. The table identifies key attitudinal factors 

examined across diverse domains, including mobile banking, autonomous vehicles, 

exergaming, and public transport systems. As illustrated, performance expectancy (PE), 

effort expectancy (EE), social influence (SI), and facilitating conditions (FC) form  

the foundation of most UTAUT2 applications, while factors such as hedonic motivation 

(HM), price value (PV), and habit (HB) are frequently incorporated to enhance model 

explanatory power. Additionally, domain-specific constructs like trust (TR), service 

quality (SQ), and sustainability (ST) have been introduced to address particular 

technological contexts. This synthesis of studies demonstrates the versatility and 

adaptability of the UTAUT2 framework across different technological innovations and 

geographical settings, providing valuable methodological guidance for the current 

investigation into MaaS adoption in Thailand. 

Technology Acceptance Model (TAM) was first used to study occupations 

predicting information technology acceptance (Davis et al., 1989; Li et al., 2021; 

Stiegemeier et al., 2022). Today, TAM has been applied across countries to understand 
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diverse human users with innovative technology (Terborg, 1981). TAM has been used 

in multiple dimensions in terms of tools such as Blockchain (Li et al., 2021), Prediction 

of Human Behavior (Lopez-Carreiro et al., 2021), and Technology Acceptance 

(Stiegemeier et al., 2022). In the TAM model, the method is together with the 

usefulness, users’ attitude, behavior, and feedback when the existing system is present.  

This model Figure 2.4 illustrates the core relationships between external 

variables, perceived usefulness, perceived ease of use, attitude toward using, behavioral 

intention to use, and actual system use. TAM emphasizes that users’ technology 

adoption is primarily determined by perceived usefulness and perceived ease of use, 

which directly influence attitude and behavioral intention, ultimately leading to actual 

system usage. 

 

 

 

 

Source Davis et al. (1989) 

Figure 2.4 Technology Acceptance Model (TAM) 

Unfortunately, Stiegemeier mentions that TAM has yet to achieve its objection 

to interacting with people with technology. However, (Venkatesh et al., 2003) found 

that TAM does not include the attitude construct to underline the intention 

parsimoniously. Thus, the new model has been inferred as UTAUT (Figure 2.5). 

Additionally, Venkatesh explained that the Unified Theory of Acceptance and 

Use of Technology (UTAUT) is the model to fortune the human behavioral purpose 

when implied with technology. Also, with other socioeconomic factors (Yuen et al., 

n.d.), age, gender, experience, and voluntariness. Since the UTAUT was established, 

three objects installed UTAUT are the UTAUT integrations that apply with up-to-date 

technology (Chang et al., 2007). Next, the endogenous theoretical mechanisms outlined 

in UTAUT (Venkatesh et al., 2012) are tools to enlarge the scope of the focus subject. 
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Lastly, including exogenous predictors of the UTAUT variable (Neufeld et al., 2007; 

Yi et al., 2006) helps to understand better when innovative technology is applied within 

the theoretical boundaries. 

This comprehensive model integrates four key determinants of technology 

acceptance and use: performance expectancy, effort expectancy, social influence, and 

facilitating conditions. The framework also incorporates four moderating variables 

(gender, age, experience, and voluntariness of use) that influence these relationships. 

This model significantly enhances predictive capability for behavioral intention and 

technology use through its multifaceted approach. 

Source Venkatesh et al. (2003) 

Figure 2.5 Unified Theory of Acceptance and Use of Technology (UTAUT) 
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2.5  The Extending of the Unified Theory of Acceptance and Use of 

Technology (UTAUT2) 

The Extended Unified Theory of Acceptance and Use of Technology 

(UTAUT2) maintains a similar structural foundation to its predecessor UTAUT 

(Bagozzi, 2007; Venkatesh et al., 2007), with both models evolving from the TAM 

framework (Alkhwaldi & Kamala, 2017). UTAUT2 represents a significant 

advancement in explaining variance in behavioral intention and technology usage 

(Alkhwaldi & Kamala, 2017; Venkatesh et al., 2012). This enhanced model is 

particularly relevant in contemporary contexts where individuals frequently interact 

with innovative technologies. 

UTAUT2 (Venkatesh et al., 2012) notably excludes voluntariness as a 

moderating factor, as research findings indicated this variable did not significantly 

impact outcomes—specifically, no variance was observed when voluntariness was 

constructed. Conversely, Venkatesh identified three crucial additions to UTAUT2: 

Hedonic Motivation, Price Value, and Habits. These additions reflect the consumer-

oriented nature of many modern technologies and enrich the model’s applicability 

across diverse contexts. 

In today’s technology landscape, UTAUT2 plays an instrumental role in 

evaluating acceptance rates for various innovations, including tailored exergames (Yein 

& Pal, 2021), internet mobile banking (Alalwan et al., 2017, 2018; Khan et al., 2017), 

and transportation technologies (Dichabeng et al., 2021; Kapser & Abdelrahman, 2020; 

Korkmaz et al., 2021; Zhou et al., 2021). The model builds upon UTAUT’s established 

relationships while incorporating new dimensions related to user behavior and 

motivation when engaging with technology (Brown et al., 2005). 

UTAUT2 serves as a crucial predictor of technology usage patterns and 

introduces innovative theoretical constraints (Kim et al., 2007; Kim et al., 2005; Kim 

& Malhotra, 2005; Venkatesh et al., 2007). Regarding predictive capability, Venkatesh 

et al. (2003) demonstrated that UTAUT2 explains a higher percentage of variance in 
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both behavioral intention (74 percent) and technology use (52 percent) compared to the 

original UTAUT model (70 percent and 48 percent, respectively). 

Source Venkatesh et al. (2012) 

Figure 2.6 Extending of the Unified Theory of Acceptance and Use of Technology 

This enhanced predictive power makes UTAUT2 particularly suitable for 

studying MaaS adoption in Thailand, where understanding individual acceptance of 

daily travel applications requires a comprehensive analysis of behavioral patterns, 

psychological factors, and sociological influences (Alkhwaldi & Kamala, 2017; 

Benbasat & Barki, 2007; Venkatesh et al., 2007, 2012). By incorporating the additional 

constructs of hedonic motivation, price value, and habit, UTAUT2 provides a more 

nuanced framework for examining the multifaceted nature of transportation technology 

adoption in Thai cultural and socioeconomic contexts. Figure 2.6 Extending of the 

Unified Theory of Acceptance and Use of Technology (Venkatesh et al., 2012). This 

expanded model builds upon the original UTAUT by incorporating three additional 

constructs: hedonic motivation (reflecting the pleasure derived from using technology), 

price value (representing the cost-benefit assessment), and habit (capturing automatic 

behaviors developed through prior experience). The model also identifies key 

moderating variables (age, gender, and experience) that influence the relationships 

between these constructs and behavioral intention/use behavior. UTAUT2 offers 

enhanced explanatory power for consumer technology contexts, making it particularly 

relevant for studying MaaS adoption.



 

Table 2.2 Individuals’ willingness to adopt technology: identifying attitudinal factors of UTAUT2. 

Source Topic and Area Method 
Factor 

PE EE SI FC HM PV HB TR SQ CC ST PI HL SIP EA 

(Alalwan et 

al., 2017) 

Intention and 

adoption of Mobile 

banking by 

customers. Jordanian, 

Amman and Al-

Balqa 

Questionnaires, 

CFA, SEM 
✓ ✓ ✓ ✓ ✓ ✓  ✓        

(Khan et al., 

2017) 

Adoption in a 

Developing Online 

Banking, Pakistan 

Questionnaires, 

CFA, SEM 
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓        

(Alalwan et 

al., 2018) 

Intentions and 

adoption of internet 

banking. Jordanian, 

Amman and Al-

Balqa 

Questionnaires ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓        

(Kapser & 

Abdelrahman, 

2020) 

Acceptance of 

autonomous delivery 

vehicles. Germany 

Questionnaires, 

SEM 
✓ ✓ ✓ ✓ ✓ ✓  ✓        

  

2
5
 



 

Table 2.2 (continued) 

Source Topic and Area Method 
Factor 

PE EE SI FC HM PV HB TR SQ CC ST PI HL SIP EA 

(Dichabeng et 

al., 2021) 

Acceptance of future 

shared automated 

vehicles. United 

Kingdom 

Focus group ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓       

(Yein & Pal, 

2021) 

Analysis of the user 

acceptance of 

exergaming. fall- 

preventive measure, 

India 

Questionnaires ✓ ✓ ✓ ✓ ✓ ✓ ✓         

(Gansser & 

Reich, 2021) 

Acceptance model on 

behavioral intention 

and use behavior for 

products containing 

AI. Germany 

Questionnaires, 

PLS 
✓ ✓ ✓  ✓ ✓ ✓ ✓  ✓ ✓ ✓ ✓   

(Zhou et al., 

2021) 

The motivational 

mechanism behind 

taxi driver’s adoption 

of electric vehicles 

for a living. China 

Questionnaires, 

CFA 
✓ ✓ ✓ ✓ ✓ ✓ ✓       ✓  

  

2
6
 



 

Table 2.2 (continued) 

Source Topic and Area Method 
Factor 

PE EE SI FC HM PV HB TR SQ CC ST PI HL SIP EA 

(Korkmaz et 

al., 2021) 

User acceptance of 

autonomous public 

transport systems. 

Turkey, İstanbul 

Questionnaires, 

EFA, SEM 
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓        

(Öztaş Karlı et 

al., 2022) 

Willing to acceptance 

of shared e-scooters. 

Turkey 

Questionnaires, 

SEM 
✓ ✓ ✓ ✓ ✓ ✓         ✓ 

 

 

 

2
7
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PE (Performance Expectancy) is the degree to which an individual believes that 

using the system will help achieve gains in task performance; it reflects perceived 

effectiveness and benefits derived from innovative applications. 

EE (Effort Expectancy) The degree of ease associated with the use of  

the system; refers to users’ perception of application or system utilization ease. 

SI (Social Influence) The extent to which individuals perceive that important 

others believe they should use the new system; implies individuals’ perceptions of  

the importance of views from family, friends, and peers. 

FC (Facilitating Conditions) The degree to which an individual believes that 

organizational and technical infrastructure exists to support use of the system; 

encompasses technological infrastructure, equipment complexity, and connectivity. 

HM (Hedonic Motivation) The pleasure or enjoyment derived from using 

technology; characterized by the fun and satisfaction individuals experience when 

utilizing a system. 

PV (Price Value) The consumers’ cognitive tradeoff between the perceived 

benefits of the applications and the monetary cost; examines the balance between 

benefits and costs associated with technology utilization. 

HA (Habit) The extent to which people tend to perform behaviors automatically 

because of learning; reflects automatic behaviors developed through prior experience 

and repetitive actions. 

TR (Trust/Perceived Risk/Security/safety) The belief that the specific 

technology will perform as expected, securely and safely, mitigating various risks 

including privacy, performance, and financial concerns. 

SQ (Service Quality) The overall excellence or superiority of the service as 

perceived by users; encompasses reliability, responsiveness, and assurance of  

the technology service. 

CC (Convenience Comfort) The ease, comfort, and convenience experienced 

when using the technology; related to accessibility and user-friendliness. 

ST (Sustainability) The perception of how environmentally friendly or 

sustainable the technology or service is; it reflects environmental consciousness. 

PI (Personal Innovativeness) An individual’s willingness to try out new 

technologies represents openness to technological innovations. 
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HL (Health) The perceived impact of the technology on physical or mental 

wellbeing; particularly relevant for health-related applications. 

SIP (Satisfaction with Incentive Policies) The degree to which users are 

satisfied with policies designed to encourage technology adoption; includes rewards, 

discounts, or other incentives. 

EA (Environmental Awareness) The awareness and concern for environmental 

issues that may influence technology adoption decisions; related to ecological 

consciousness. 

2.6  Hypotheses Development 

2.6.1 User’s Performance Expectancy 

Performance Expectancy (PE) is defined as perceived effectiveness and benefits 

derived from innovative applications. It encompasses various factors such as time and 

effort savings, improved efficiency, accessibility, convenience, and customized 

services (Venkatesh et al., 2003). Previous research has consistently emphasized 

Performance Expectancy as a significant determinant of behavioral intention to adopt 

new systems and technologies. Customers are generally more motivated to adopt and 

accept new technology when they perceive its advantages and value in daily life. 

Mobile banking, for instance, is widely recognized as a convenient platform providing 

customers with flexibility in accessing a wide range of services (Alalwan et al., 2016; 

Alalwan, Rana et al., 2015; Davis, 1993; Gu et al., 2009; Riquelme & Rios, 2010; 

Venkatesh et al., 2003). The Performance Expectancy reflects individuals’ perception 

of the specific benefits and enhanced effectiveness which is offered by various 

technologies. This indicates that technological advancements can lead to more 

productive activities. Consequently, the utilization of technology, whether mapping 

application, bike-sharing systems, mobile banking, etc., could support behavioral 

intentions (Alalwan et al., 2018; Öztaş Karlı et al., 2022). Given its critical role in 

influencing Behavior, the Performance Expectancy was a pivotal in this study (García 

de Blanes Sebastián et al., 2024) 
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2.6.2 User’s Effort Expectancy 

Effort Expectancy (EE) means users perceived of an application or system 

utilization. This factor plays a crucial role in influencing an individual’s motivation and 

performance across different tasks (Ayuning Budi et al., 2021). It encompasses  

the user’s perception of utility, ease of use, attitude towards use, and controlling 

behavior (Alyoussef, 2022). Users positively influence intentional Behavior when 

using technology. Typically, users prefer technology that require less effort and offers 

greater convenience (Merhi et al., 2019). The Effort Expectancy significantly 

influences users’ behavioral intentions, as the anticipated level of effort directly impacts 

user behavior (de Blanes Sebastián et al., 2023). 

2.6.3 User’s Facilitating Condition 

Facilitating Conditions (FC) are defined as the extent to which individuals 

perceive the availability of resources and support in adopting a particular behavior.  

It encompasses organizational and technical factors (Ayanwale & Ndlovu, 2024; 

Venkatesh et al., 2003). The Facilitating Conditions include technological 

infrastructure, equipment complexity, and internet connectivity. All of which 

influences the feasibility and ease of new technologies utilization (Bhattacherjee, 2000; 

Rodríguez-Espíndola et al., 2022). Numerous studies proved that Facilitating 

Conditions significantly influence intentional Behavior (Nikolopoulou et al., 2021). 

Especially, the level of technical support provided to users within the UTAUT2 

framework directly impacts behavioral intention (Venkatesh et al., 2003). For instance, 

the availability of technical infrastructure and support services is crucial for 

encouraging the adoption of online banking channels (Khan et al., 2023; Zhou et al., 

2010). 

2.6.4 User’s Social Influence 

Social Influence (SI) refers to individuals’ perceptions of the importance of 

opinions and beliefs from others, i.e., family and friends, in adopting a specific 

technology (Venkatesh et al., 2003). There was evidence supporting the significant 

impact of Social Influence on individuals’ behavioral intentions when adopting new 

technologies. For instance, societal expectations play a crucial role in shaping consumer 

behavior, which is often influenced by the opinions of others (Dwivedi et al., 2021).  

In the context of mobile banking, Social Influence is evident through the impact of 
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reference groups, family, opinion leaders, friends, and colleagues on customers’ 

intention to adopt the technology (De Leon, 2019). From previous studies, it is clearly 

indicated that the Social Influence is pivotal in promoting such Behavior (Bhukya & 

Paul, 2023). 

2.6.5 User’s Hedonic Motivation 

Hedonic Motivation (HM) stands as a crucial determinant of user acceptance 

and adoption. It is characterized by the pleasure and enjoyment individuals derive from 

utilizing technology (Venkatesh et al., 2012). By incorporating an affective component 

into the predominantly cognitive-based UTAUT2 model, Hedonic Motivation broadens 

the scope to explore intrinsic motivation in consumer technologies (Alalwan et al., 

2018; Baabdullah et al., 2019; Venkatesh et al., 2012). These studies proposed a direct 

link between Hedonic Motivation and customer intention to use technology. Intrinsic 

utilities like joy and playfulness, along with extrinsic utilities such as efficiency and 

usefulness, drive Hedonic Motivation and accelerate the intention to adopt emerging 

systems (Van Der Heijden, 2004). Substantial evidence supports the role of Hedonic 

Motivation in shaping customers’ decisions to adopt technology, as demonstrated in 

studies on telebanking adoption by Jordanian customers (Alalwan, Dwivedi et al., 

2015). 

2.6.6 User’s Habit 

Habit (HA) is defined as prior conduct performed spontaneously without self-

instruction. It plays a significant role in shaping individuals’ behavioral intention and 

Usage Behavior. Moreover, Habit is able to reflect the degree to which an individual 

believes Behavior is automatic due to learning (Venkatesh et al., 2012). Previous 

studies showed that Habit favors behavioral intention as evidenced by its significant 

role in people’s propensity to use systems such as the public bike system in Taipei.  

(Pai & Pai, 2015). The influence of Habit on behavioral intention is recognized in 

UTAUT2, which is considered intentionally as a critical factor in explaining Behavior 

(Das & Datta, 2024). Habit is viewed in the context of use rather than acceptance.  

It could predict the use of technology based on automatic behaviors developed through 

learning and experience. Repetitive Behavior leads to the establishment of settings and 

intentions that can be activated by triggers, which result in automatic Behavior without 
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conscious mental activity. A more vigorous Habit leads to a stored intention, which 

influences actual Behavior (Limayem et al., 2007). 

2.6.7 User’s Price Value 

Price Value (PV), an addition to UTAUT2, examines the balance between 

benefits and monetary costs associated with technology utilization (Venkatesh et al., 

2012). Unlike workplace technologies, where costs are typically covered by  

the organization, private users must personally incur these expenses. This factor 

encompasses both financial costs and non-monetary costs, such as the time and effort 

required to utilize the technology (Huang & Kao, 2015). According to Venkatesh et al. 

(2012), the concept of Price Value complements Effort Expectancy by emphasizing  

the investment of time and effort in the acceptance and use of new technologies, thereby 

providing a more comprehensive understanding of the consumer context. A favorable 

Price Value is assumed when the advantages of using a product outweigh its monetary 

costs. 

2.6.8 User’s Price Sensitivity 

Price Sensitivity (PS), in the context of MaaS, refers to the extent to which 

purchasing decisions for MaaS offerings are influenced by price fluctuations. 

According to previous research, it highlighted the crucial role of Price Sensitivity in 

consumer behavior across various industries, influenced by factors, e.g., enduring 

product involvement, consumer innovativeness, perceived brand parity, and attitudinal 

brand loyalty (Han et al., 2001; Öztaş Karlı et al., 2022). Price Sensitivity has been 

linked to consumer satisfaction, since price information significantly impacting 

purchasing decisions and consumer loyalty (Low et al., 2013). Moreover, Price 

Sensitivity refers to the degree of consumers responding to cost and its fluctuations 

(Goldsmith, 2009). Kapser and Abdelrahman (2020) introduced Price Sensitivity to  

the model as a modified version of Price Value, considering its applicability to new 

technological contexts. For further information, Price Sensitivity has been utilized to 

predict users’ intentions in various areas, including broadband internet, autonomous 

delivery cars, and mobile shopping applications (Natarajan et al., 2017; Tsai & LaRose, 

2015). 
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2.6.9 User’s Privacy Concerns  

Privacy Concerns (PC) are pivotal factors influencing MaaS adoption. Although 

users may not always express overt concern about privacy, they recognize it as an issue. 

This underscores the significance of trust in MaaS service providers (Kong et al., 2021). 

However, the role of regulations such as the General Data Protection Regulation 

(GDPR) in shaping privacy considerations for MaaS is reassuring. These regulations 

emphasize principles like Privacy by Design and Consent (S. Huang, 2022). In contexts 

such as Software as a Service (SaaS), privacy emerges as a major inhibitor to its 

adoption, with users weighing Privacy Concerns against the benefits of the service 

(Rowe, 2016). Likewise, sharing driving data raises issues about identity and location 

privacy, which is necessitating secure data handling mechanisms like blockchain 

(Belletti & Bayen, 2017). Privacy Concerns encompass travelers’ ability to control 

marketers’ collection and subsequent use of their personal information. These concerns 

are barriers to the acceptability and use of technological innovations such as MaaS, 

which involve compiling, processing, and storing user data as part of their regular 

operations (Polydoropoulou et al., 2020; Ye et al., 2020). The critical aspect is not  

the mere disclosure of information but rather the degree of control consumers exercises 

over their data (Alonso-González et al., 2020; Lopez-Carreiro, Monzon, Lois, et al., 

2021). 

2.6.10 User’s Perceived Risk 

Perceived Risk (PR) refers to the negative outcome that is expected to occur in 

the process of the consumer’s use of the service, along with the psychological 

expectation of the seriousness of the consequences if they occur (Ye et al., 2020). 

Perceived Risk associated with the activity targeted by a service, such as the nature of 

health promotion activities or mobile money transactions, influences adoption 

(Cocosila & Turel, 2022). Factors like privacy risks and overall Perceived Risk have  

a negative impact on the behavioral intention to use MaaS (Huang, 2022; Korkmaz et 

al., 2021). Furthermore, the impact of Perceived Risks alongside other factors like 

social efficacy, influence of significant others, and attitude on the adoption of mobile 

government services has been highlighted (Saxena, 2018). These findings underscore 

the importance of addressing Perceived Risks to enhance the acceptability and adoption 

of innovative mobility solutions like MaaS. 
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2.6.11 User’s Willingness to Use 

The individual’s perception of their Willingness to Use (WU) is a significant 

factor in technology usage prediction. Willingness to Use (i.e., the likelihood of  

a person using a system) is a key determinant of whether a system is utilized. According 

to the available data, Willingness to Use directly influences the actual usage of  

a system. The primary objective of UTAUT2 is to forecast the acceptance and use of 

technology, reflecting the impact of the applicable theory of technological acceptance. 

Conceptual Behavior, a dependent variable, is determined by the aim of the Behavior 

to improve circumstances and Habits. The relationship between Willingness to Use and 

the Usage Behavior is pivotal in predicting technology use. Willingness to Use has been 

extensively studied in previous studies and has been verified to play a significant role 

in shaping the actual adoption and use of new systems (Hasbullah et al., 2016; 

Venkatesh et al., 2003, 2012). The influence of subjective normative perception on 

behavioral control is profound. It has a positive impact on purchase and/or Usage 

Behavior (Burhan & Sihite, 2023). 
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CHAPTER 3 

RESEARCH METHODOLOGY 

This research employed a quantitative design, utilizing questionnaires and 

statistical analysis to investigate public commuters’ willingness to adopt Mobility as  

a Service (MaaS) in Thailand. The analysis utilized IBM SPSS version 26 and AMOS 

version 23 software to evaluate structural relationships and analyze sampling data.  

The statistical analysis drew upon the UTAUT2 model, which was identified as  

the most appropriate framework compared to alternative models like TAM or UTAUT 

for fundamental analysis and establishing conclusive results. The original UTAUT2 

structure encompasses: Performance Expectancy, Effort Expectancy, Facilitating 

Condition, Social Influence, Hedonic Motivation, Habit, Price Value, Behavioral 

Intention, and Use Behavior. For this study, the behavioral intention factor was 

modified to ‘Willingness to Use’ and three additional factors were incorporated: 

Privacy Concerns, Perceived Risk, and Price Sensitivity (Figure 3.1). 

Source Adapted from Venkatesh et al. (2012) 

Figure 3.1 Extended UTAUT2 model for MaaS adoption research framework 
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3.1  Research Model 

This research adopts and extends the Unified Theory of Acceptance and Use of 

Technology 2 (UTAUT2) model, which has been widely used in transportation and 

technology adoption studies. The original UTAUT2 framework includes seven core 

constructs: Performance Expectancy (PE), Effort Expectancy (EE), Social Influence 

(SI), Facilitating Conditions (FC), Hedonic Motivation (HM), Price Value (PV), and 

Habit (HA). 

To better capture the specific factors relevant to MaaS adoption in Thailand, 

three additional constructs were integrated into the model: 

1. Privacy Concerns (PC): addressing users’ concerns about data protection 

and personal information sharing 

2. Perceived Risk (PR): capturing users’ perceptions of potential risks 

associated with MaaS adoption 

3. Price Sensitivity (PS): measuring users’ price consciousness and response 

to cost variations 

The dependent variables in the model are Willingness to Use (WU) MaaS and 

Usage Behavior (UB). The research framework illustrates the hypothesized 

relationships between these constructs, with demographic factors (residence, age, 

gender, and vehicle ownership) serving as moderating variables. 

The research model proposes that the ten independent variables (PE, EE, SI, FC, 

HM, PV, HA, PC, PR, PS) influence Willingness to Use MaaS, while FC, HA, and WU 

directly impact Usage Behavior (UB). This comprehensive model provides a robust 

foundation for examining the multifaceted nature of MaaS adoption in Thailand. 

Based on the extended UTAUT2 framework, thirteen hypotheses were 

formulated to test the relationships between constructs: 

H1: Performance Expectancy for MaaS has a path impact on Willingness to 

Use. 

H2: Effort Expectancy for MaaS has a path impact on Willingness to Use. 

H3a: Facilitating Conditions for MaaS have a path impact on Willingness to 

Use. 

H3b: Facilitating Conditions for MaaS has a path impact on Usage Behavior. 
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H4: Social Influence for MaaS has a path impact on Willingness to Use. 

H5: Hedonic Motivation for MaaS has a path impact on Willingness to Use. 

H6a: Habit for MaaS has a path impact on Willingness to Use. 

H6b: Habit for MaaS has a path impact on Usage Behavior. 

H7: Perceived Price Value for MaaS has a path impact on Willingness to Use. 

H8: Price Sensitivity for MaaS has a path impact on Willingness to Use. 

H9: Privacy Concerns for MaaS have a path impact on Willingness to Use. 

H10: Perceived Risk for MaaS has a path impact on Willingness to Use. 

H11: Willingness to Use MaaS has a path impact on Usage Behavior. 

These hypotheses are grounded in established theoretical frameworks and 

supported by empirical evidence from transportation and technology adoption 

literature. To operationalize these theoretical constructs, Table 3.1 presents  

a comprehensive set of measurement items carefully adapted from seminal works by 

researchers such as Venkatesh et al. (2012), Ye et al. (2020), and others. The table 

delineates specific survey items for each construct, providing a systematic approach to 

measuring performance expectancy, Effort Expectancy, social influence, and other key 

factors influencing Mobility as a Service (MaaS) adoption. By utilizing multiple 

measurement items per construct, the research ensures a robust and nuanced 

understanding of the complex factors driving technology acceptance in  

the transportation domain. 

Table 3.1 Measurement Items and Sources for MaaS Adoption Factors in Thailand 

Construct Variable Measurement Statement 

Performance Expectancy (PE) 

Venkatesh et al. (2012),  

Ye et al. (2020) 

PE1 Using MaaS for travel saves time. 

PE2 Using MaaS makes travel easier. 

PE3 Using MaaS allows me to check transportation 

services in real-time. 

PE4 I expect MaaS will fit with the local lifestyle. 

PE5 I expect MaaS will be practical in my daily life. 

Effort Expectancy (EE) 

 Tian & Wang (2022),  

Venkatesh et al. (2012) 

EE1 Learning to use MaaS will be easy for me. 

EE2 Using MaaS will be easy for me. 

EE3 Using MaaS will not require much effort. 

EE4 I feel confident in my ability to use MaaS. 
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Table 3.1 (continued) 

Construct Variable Measurement Statement 

Social Influence (SI) 

 Gansser & Reich (2021), 

Venkatesh et al. (2012),  

Ye et al. (2020) 

SI1 I would use MaaS if many others were using it. 

SI2 I would use MaaS if people important to me support it. 

SI3 I will use MaaS if it receives positive media reviews. 

Facilitating Conditions (FC) FC1 I am familiar with mobile payment systems. 

 Venkatesh et al. (2012), 

 Ye et al. (2020) 
FC2 My mobile network connection is reliable when 

traveling. 

FC3 I am familiar with smartphone use and regularly carry 

my phone.  

Hedonic Motivation (HM) 

  Venkatesh et al. (2012), 

 Ye et al. (2020) 

HM1 Using MaaS would be enjoyable due to increased 

travel flexibility. 

HM2 Using MaaS would be exciting. 

HM3 Using MaaS would give me satisfaction. 

HM4 Using MaaS would enhance my travel enjoyment. 

Price Value (PV) 

 Venkatesh et al. (2012), 

PV1 I expect MaaS services to be reasonably priced. 

PV2 The benefits of MaaS would justify its cost. 

PV3 Government subsidies would make MaaS more 

attractive. 

Price Sensitivity (PS) 

Öztaş Karlı et al. (2022) 

PS1 I am willing to pay extra to try MaaS as a new travel 

option. 

PS2 I am willing to spend significantly on MaaS. 

PS3 I’m not interested in using it if the new MaaS costs 

more than the old travel system. 

Habit (HA) 

 Korkmaz et al. (2021),  

Venkatesh et al. (2012),  

Yein & Pal (2021) 

HA1 Using smartphone apps is part of my daily routine. 

HA2 I am familiar with similar transportation technologies. 

HA3 I believe I need MaaS even if I’m not yet familiar with 

it. 

HA4 Using MaaS could become routine for me. 
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Table 3.1 (continued) 

Construct Variable Measurement Statement 

Privacy Concerns (PC) 

 Lopez-Carreiro et al. (2021),  

Ye et al. (2020) 

PC1 I am concern about the privacy of my personal 

information when using the new system (MaaS). 

PC2 I am concern in sharing personal information with the 

third parties while using new mode (MaaS) 
PC3 I am comfortable sharing my profile and opinions 

with other MaaS users 

PC4 I am willing to share necessary personal data with 

relevant MaaS companies. 

Perceived Risk (PR) 

 Lopez-Carreiro et al. (2021),  

Ye et al. (2020) 

PR1 I am concerned about privacy risks with MaaS. 

PR2 I am concerned that MaaS might be cumbersome to 

use. 

PR3 I am concerned about the reliability of the MaaS 

system. 

Willingness to Use (WU) 

Venkatesh et al. (2012) 

WU1 I will choose MaaS as my everyday travel option 

when available. 

WU2 I plan to use MaaS frequently once it’s available. 

WU3 I will use MaaS when I need to travel. 

Usage Behavior (UB) 

Venkatesh et al. (2012)  

UB1 Using MaaS will be a pleasant experience. 

UB2 MaaS will be my first choice when available. 

UB3 I will recommend MaaS to my friends once it’s 

available. 

Note The survey was conducted in Thailand from December 2022 to February 2023 

with 418 valid responses from diverse demographic backgrounds. Items were 

measured using a 5-point Likert scale (1 = strongly disagree to 5 = strongly agree)  

3.2  Data Collection 

3.2.1 Survey Design and Administration 

The survey instrument was designed based on the extended UTAUT2 

framework, with measurement items adapted from previous studies. The questionnaire 

was translated into Thai to ensure clarity for participants and consisted of four main 

sections: 
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1. Demographic information: gender, age, education, income, occupation, 

vehicle ownership, and area of residence 

2. Travel behavior: frequency of using public transport, purpose of latest 

trip, average travel time, and travel expenses 

3. Awareness and expectations regarding MaaS services 

4. Factors influencing MaaS adoption: items measuring the extended 

UTAUT2 constructs 

Each construct was measured using multiple scale items with responses on a 

five-point Likert scale (1 = strongly disagree, 5 = strongly agree). The concept of MaaS 

was explained at the beginning of the questionnaire to ensure participant understanding. 

Data was collected from December 2022 to February 2023 through an online 

questionnaire administered via Google Forms. The survey was distributed through 

emails and social media channels including Facebook, Line, and Instagram to reach 

Thai public commuters. 

3.2.2 Population and Sample Size 

The target population comprised public transport users in Thailand of various 

genders, ages, and educational backgrounds. A convenience sampling method was 

employed to collect data from Thai commuters nationwide, utilizing online distribution 

through social media platforms to reach diverse demographic groups across urban, 

suburban, and rural areas. While convenience sampling is a non-probability sampling 

technique that may limit generalizability, it is commonly used in technology acceptance 

research due to its practicality and cost-effectiveness in reaching target populations 

(Etikan et al., 2016). 

Following the Maximum Likelihood (ML) estimation method for confirmatory 

factor analysis, the sample size was determined to be at least five times the number of 

free parameters in the model. With 42 observed variables in the questionnaire, a 

minimum sample size of 210 was required. 

For ML estimation techniques in confirmatory factor analysis, the sample size 

should be at least five times the number of independent variables, including error 

conditions (Bentler & Chou, 1987). In cases of heavy kurtosis data, the minimum 

sample size should be increased to ten times the number of independent variables 
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(Hoogland & Boomsma, 1998). The formula for calculating adequate sample size for 

SEM can be represented as: 

𝑛 ≥ 5𝑘 (1) 

Where: 

n = required sample size 

k = number of observed variables or indicators 

For this study with 42 observed variables, the minimum sample size would be: 

𝑁 =  
𝑍2𝑝𝑞

𝑒2
 (2) 

Where: 

N = sample size 

Z = critical value of desired confidence level (1.96 for 95% confidence) 

p = estimated proportion of an attribute in the population (0.5 when 

unknown) 

q = 1-p (0.5) 

e = desired level of precision (0.05 for ±5%) 

N= 
(1.96)2(0.5)(0.5)

(0.05)
2

= 
3.8416×0.25

0.0025
=384.16 ≈384 (3) 

The questionnaires were distributed to 500 participants, and after excluding 

invalid responses, 418 valid samples were obtained for analysis, exceeding both 

calculated minimum requirements and providing a robust dataset for statistical analysis. 

3.2.3 Ethical Considerations 

The study was conducted in accordance with the Declaration of Helsinki and 

received approval from the Institutional Review Board of Mae Fah Luang University 

Ethics Committee on Human Research under protocol number EC 23220-12, dated 

November 24, 2023. Participants were informed about the purpose of the study and 

assured of data confidentiality and anonymity. 
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3.3  Data Analysis 

Statistical analysis was conducted using IBM SPSS version 26 and IBM AMOS 

version 23. AMOS was utilized to draw path diagrams and estimate regression 

equations in the path model (Byrne, 2010). The analysis followed a systematic 

approach: 

3.3.1 Step 1 : Descriptive Statistics and Sample Characteristics 

Demographic data and travel behavior patterns were analyzed using descriptive 

statistics to provide an overview of the sample characteristics. The analysis included 

examination of participants' sociodemographic characteristics, travel behaviors, and 

familiarity with MaaS concepts to establish the context for subsequent statistical 

modeling. 

3.3.2 Step 2 : Data Preparation and Preliminary Assessment 

After data collection, preliminary data screening was conducted to check for 

outliers, missing values, and normality. The questionnaires were distributed to 500 

participants, and after excluding invalid responses, 418 valid samples were obtained for 

analysis. The data cleaning process involved removing incomplete responses, 

inconsistent answer patterns, and responses that failed attention checks, resulting in the 

exclusion of 82 invalid samples. 

Following data cleaning, no missing values remained in the final dataset of 418 

participants due to the systematic removal of incomplete responses during the screening 

process. Outlier analysis using Mahalanobis distance was conducted on the cleaned 

dataset and revealed no significant multivariate outliers that could distort the results. 

Skewness and kurtosis values for all variables remained within the acceptable range of 

±2, indicating no severe violations of normality assumptions for the final valid sample. 

3.3.3 Step 3 : Item Purification and Initial Factor Assessment 

Prior to conducting the full measurement model analysis, individual 

Confirmatory Factor Analysis (CFA) was performed for each construct to assess factor 

loadings and identify items requiring deletion. Items with standardized factor loadings 

below 0.60 were systematically removed to ensure adequate measurement quality.  
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3.3.4 Step 4 : Reliability and Validity Testing 

Following item deletion, the final measurement model was evaluated using 

multiple reliability and validity measures: 

1. Internal Consistency Reliability  

Cronbach’s alpha was calculated using: 

𝛼 =
𝑘𝑟̅

1 + 𝑟̅(𝑘 − 1)
 (4) 

𝑘 = items, 

𝑟̅ = mean correlation between the items 

Composite reliability (CR) was calculated to assess overall reliability: 

𝐶𝑅 =
𝛴𝑖=1

𝑛 𝜆𝑖
2

𝛴𝑖=1
𝑛 𝜆𝑖

2 + 𝛴𝑖=1
𝑛 𝜀

 (5) 

Where: 

λᵢ = standardized factor loading of item i 

εᵢ = error variance of item i 

n = number of items 

2. Convergent Validity 

Average Variance Extracted (AVE) was calculated to assess convergent 

validity: 

𝐴𝑉𝐸 =
𝛴𝑖=1

𝑛 𝜆𝑖
2

𝑛
 (6) 

The recommended thresholds were standardized factor loading > 0.6, 

composite reliability > 0.7, Cronbach’s alpha > 0.7, and AVE > 0.5 (Fornell & Larcker, 

1981; McDonald & Ho, 2002). The recommended thresholds are presented in Table 

3.2. 

3. Discriminant Validity  

Heterotrait-Monotrait ratio (HTMT) was used to assess discriminant 

validity, with values below 0.90 indicating acceptable discriminant validity. 
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Table 3.2 Reliability and exploratory factor analysis criteria 

Criteria Description Acceptable Threshold 

Standardized Factor 

Loading 

(Hair et al., 2012) 

Measures the correlation 

between observed 

variables and latent factors 

≥ 0.60 

Cronbach’s Alpha (α) 

(Hair et al., 2012) 

Measures internal 

consistency of a set of 

scale items 

≥ 0.70 

Composite Reliability 

(CR) (Fornell & Larcker, 

1981) 

Assesses the overall 

reliability of a collection 

of heterogeneous but 

similar items 

≥ 0.70 

Average Variance 

Extracted (AVE) (Fornell 

& Larcker, 1981) 

 

Measures the amount of 

variance captured by a 

construct in relation to 

variance due to 

measurement error 

≥ 0.50 

Kaiser-Meyer-Olkin 

(KMO) (Kaiser & Rice, 

1974) 

Measures sampling 

adequacy for factor 

analysis 

≥ 0.80 (excellent) 

Bartlett’s Test of 

Sphericity 

(Byrne, 2010) (Hair et al., 

2012) 

Tests the hypothesis that 

variables are uncorrelated 

p < 0.05 

3.3.5 Step 5  : Overall Measurement Model Assessment and Model Fit 

Evaluation 

After individual construct validation and reliability testing, the overall 

measurement model was assessed to examine the fit between the hypothesized model 

and the observed data. Several indicators were used to test the overall fitness of the 

measurement model: chi-square to degrees of freedom ratio (χ²/df), Comparative Fit 
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Index (CFI), Standardized Root Mean Square Residual (SRMR), Root Mean Square 

Error Of Approximation (RMSEA), p-value, Normed Fit Index (NFI), Tucker-Lewis 

index (TLI), and Goodness-Of-Fit Index (GFI). The specific criteria for each indicator 

are detailed in Table 3.3. 

3.3.6 Step 6 : Structural Equation Modeling (SEM) and Hypothesis Testing 
Structural Equation Modeling (SEM) was employed to test the proposed 

hypotheses through factor analysis and path coefficients. Path coefficients and  

t-statistics were analyzed to identify significant relationships between variables, with a 

threshold of 1.96 at the 0.05 significance level (Hair et al., 2012; MacKinnon et al., 

2004). The structural model testing examined the relationships between constructs 

while controlling for measurement error. 

3.3.7 Step 7 : Moderating Effects Analysis 

The moderating effects of control variables (residence, age, gender, and vehicle 

ownership) were tested using z-score, given the categorical nature of these variables. 

Multi-group analysis was conducted to examine how demographic characteristics 

influence the relationships between constructs. Pairwise comparisons of significant 

categories were indicated using letters in the pairwise column to identify specific group 

differences. 

3.3.8 Step 8 : Mediation Analysis and Bootstrap Validation 

Mediation effects were analyzed to examine both direct and indirect 

relationships between constructs. Bootstrap validation was performed with 1,000 

iterations at a significant level of 0.05 (p < 0.05) to validate the results and assess the 

robustness of the findings. Bootstrapping, as a non-parametric resampling technique, 

provides a more accurate estimation of standard errors and confidence intervals by 

generating multiple subsamples from the original dataset (Hayes, 2013). 

The bootstrap analysis generated empirical approximations of the sampling 

distributions for the direct, indirect, and total effects. Bias-corrected 95% confidence 

intervals were calculated, with Lower Limit Confidence Interval (LLCI) and Upper 

Limit Confidence Interval (ULCI) values. Non-overlapping confidence intervals with 

zero provide strong statistical support for significant relationships. 
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3.3.9 Step 9 : Kaiser-Meyer-Olkin (KMO) and Bartlett's Test 

The Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy was calculated 

to assess the suitability of the data for factor analysis. A KMO value ≥ 0.80 indicates 

excellent suitability for factor analysis (Kaiser & Rice, 1974). Bartlett's test of 

sphericity was performed to test whether the correlation matrix significantly differs 

from an identity matrix, confirming the appropriateness of the data for factor analysis 

(p < 0.001). 

This comprehensive analytical approach ensures the reliability and validity of 

the findings, providing robust insights into the factors influencing MaaS adoption in 

Thailand. The systematic progression from descriptive analysis through advanced 

structural modeling techniques enables thorough examination of the research 

hypotheses while maintaining methodological rigor. 

Table 3.3 Standard values of CFA 

Fit Index Description Acceptable 

Threshold 

Chi-square/df (χ²/df) 

(Byrne, 2010) 

Ratio of chi-square to degrees of 

freedom 

Between 1 and 

3 

Comparative Fit Index 

(CFI) 

(Hair et al., 2012) 

Assesses the model fit by examining 

the discrepancy between the data and 

the hypothesized model 

≥ 0.90 

Normed Fit Index (NFI)  

(Byrne, 2010)(Hair et al., 

2012) 

Assesses the model by comparing the 

χ² value of the model to the χ² of the 

null model 

≥ 0.90 

Incremental Fit Index 

(IFI) 

(Bollen, 1989) 

Addresses issues of parsimony and 

sample size of NFI 

≥ 0.90 
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Table 3.3 (continued) 

Fit Index Description Acceptable Threshold 

Goodness-of-Fit Index 

(GFI) 

Jöreskog, K. G., & 

Sörbom, D. (1982) 

Measures the fit between the 

hypothesized model and the 

observed covariance matrix 

≥ 0.90 

Tucker-Lewis Index 

(TLI) 

(Tucker & Lewis, 1973) 

Compares the χ² value of the 

model to that of the null 

model 

≥ 0.90 

Standardized Root Mean 

Square Residual 

(SRMR) 

Bollen (1989) 

Square root of the difference 

between residuals of the 

sample covariance matrix and 

hypothesized model 

≤ 0.08 

Root Mean Square Error 

of Approximation 

(RMSEA) 

(Browne & Cudeck, 

1992) 

Measures how well the model 

would fit the population 

covariance matrix 

≤ 0.05 (excellent fit) 

≤ 0.08 (good fit) 
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3.4  Analysis Framework 

Input  Process  Output 

Survey Design 

• UTAUT2 

• Extended 

Factors 

• Translation 

 

Population and 

Sampling 

• Thai commuters 

• N= 418 

 

Questionnaire 

Development 

• Demographics 

• Travel Behavior 

• MaaS Factors 

• Data Collection 

and Preparation 

 

• Reliability and 

Validity Testing 

(CFA, Cronbach’s 

alpha, CR, AVE) 

 

• Model Fit Evaluation 

 

• SEM Analysis 

 

• Moderating Effects 

Analysis 

 

• Bootstrap Validation 

• Descriptive 

Statistics 

 

• Measurement 

Model Results 

 

• Structural Model 

Results 

 

• Hypothesis Testing 

Results 

 

• Moderating Effects 

Results 

 

• Bootstrap 

Validation 

Figure 3.2 Analysis Framework Diagram 

The analysis framework adopts an Input-Process-Output (IPO) approach to 

systematically examine the factors influencing MaaS adoption in Thailand.  

This structured framework ensures a comprehensive analysis of the data, testing  

the reliability and validity of the measurement model, and rigorously validating  

the hypotheses and relationships between variables. The IPO framework is illustrated 

in the diagram above. 

The inputs to the framework include the survey design based on the UTAUT2 

model, the population and sampling approach, and the questionnaire development.  

The process component encompasses data collection and preparation, reliability and 

validity testing, model fit evaluation, hypothesis testing through SEM analysis, 

moderating effects analysis, and bootstrap validation. The outputs include descriptive 

statistics of respondents, reliability and validity results, model fit indices, hypothesis 

testing results, moderating effects insights, and validated results through bootstrapping. 
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This structured approach provides a robust foundation for analyzing MaaS 

adoption factors in Thailand, offering valuable insights for policymakers, service 

providers, and researchers in developing effective strategies for implementing MaaS in 

Thailand. 
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CHAPTER 4 

RESEARCH RESULTS 

4.1  Descriptive Statistics 

The initial phase of the study involved data collection through a structured 

questionnaire distributed from December 2022 to February 2023. The online survey 

was administered via Google Forms and distributed through various social media 

platforms to reach a diverse range of Thai commuters. From the 500 questionnaires 

distributed, 418 valid responses (83.6% response rate) were obtained after excluding 

incomplete or erroneous submissions. This sample size exceeds the minimum threshold 

required for Structural Equation Modeling, which recommends at least five to ten 

respondents per observed variable. 

Before the primary analysis, preliminary data screening was conducted to check 

for outliers, missing values, and normality. No missing values were identified in  

the dataset due to the online questionnaire’s mandatory response format. Outlier 

analysis using Mahalanobis distance revealed no significant multivariate outliers that 

could distort the results. Skewness and kurtosis values for all variables remained within 

the acceptable range of ±2, indicating no severe violations of normality assumptions. 

Reliability analysis was performed to ensure the internal consistency of  

the measurement scales. The results were satisfactory, with factor loadings exceeding 

0.6, Cronbach’s alpha and Composite Reliability (CR) values above 0.7, and Average 

Variance Extracted (AVE) exceeding 0.5 for all constructs. These metrics indicate 

robust reliability and convergent validity of the measurement. Additionally, the Kaiser-

Meyer-Olkin (KMO) measure of sampling adequacy yielded a value of 0.959, 

indicating excellent suitability of the data for factor analysis, and Bartlett’s test of 

sphericity was significant (p < 0.001), confirming the appropriateness of the correlation 

matrix for factor analysis. 
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The descriptive statistical analysis provided insights into the demographic and 

socioeconomic characteristics of the sample, travel behaviors, and attitudes toward 

MaaS adoption. The following sections detail these findings, beginning with  

the respondents’ demographic profiles. 

4.1.1 Respondents’ Profile  

The respondents’ profiles were summarized in Table 4.1, which provided  

the sample’s detailed demographic and socioeconomic characteristics. Analyzing these 

characteristics is crucial for understanding the context in which MaaS adoption 

decisions are made and identifying potential demographic influences on technology 

acceptance patterns. 

Table 4.1 Descriptive Statistics of participant demographic and travel behavior 

(N=418) 

Variable Description Frequency 

Gender 
Male 161 

Female 257 

Age 

≤ 21 years 54 

21-35 years 240 

≥ 36 years 124 

Education Level 

Under bachelor’s degree 75 

Bachelor’s degree 272 

Higher bachelor’s degrees 71 

Monthly Income (THB) 

  

  

≤ 15,000  168 

15,001-25,000  109 

25,001-35,000  64 

35,001-45,000  33 

> 45,000  44 
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Table 4.1 (continued) 

Variable Description Frequency 

Occupation 

Public employee 72 

Private sector employee 107 

Self-employed 50 

Retired 24 

Housewife/Househusband 2 

Student 153 

Unemployed 10 

Vehicle Ownership 
Yes 287 

No 131 

Household size 
 

1 person 38 

2 persons 63 

3 persons 114 

4 persons or more 203 

Residence 
 

Urban area 146 

Suburban area 149 

Rural area 123 

The primary purpose of the latest trip 

Work 206 

Study 104 

Travel 60 

Go home 25 

Business 23 

Average time spent on the latest trip 

< 15 minutes. 68 

15-30 minutes 102 

30-45 minutes 85 

45-60 minutes 84 

> 60 minutes. 47 

1 day 13 

> 1 day 19 
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Table 4.1 (continued) 

Variable Description Frequency 

Average travel expenses (THB) 

≤ 50 111 

51-100 109 

101-150 60 

151-200 42 

201-250 18 

Figure 4.1 shows that Gender distribution revealed a notable predominance of 

female participants, constituting 61.5% of the sample compared to 38.5% of male 

respondents. This gender imbalance, while not representing the exact gender 

distribution in the Thai population (approximately 51% female, according to  

the National Statistical Office of Thailand), provides an opportunity to examine 

potential gender-specific considerations in MaaS adoption. Previous transportation 

studies have identified gender as a significant factor influencing travel preferences and 

technology adoption patterns.  

 

Figure 4.1 Gender Distribution of Survey Respondents 

  

Male, 38.5%

Female, 61.5%

GENDER
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Figure 4.2 shows that the age categorization of respondents in this study was 

structured into three distinct groups: youth (under 21 years), early-career adults (21-35 

years), and experienced working adults (36 years and above). This classification is 

grounded in established theoretical frameworks and methodologies widely accepted in 

transportation technology adoption research, which align with Thailand’s context of 

age-differentiated population structures and travel behaviors. 

This three-group age segmentation demonstrates statistical appropriateness for 

Structural Equation Modeling (SEM) analysis, as excessive group fragmentation could 

result in insufficient sample sizes per group, compromising analytical reliability  

(Hair et al., 2021). As shown in Figure 4.2, the sample distribution is well-balanced 

across these three meaningful age segments (12.9%, 57.4%, and 29.7%, respectively), 

enabling robust statistical analysis. 

Furthermore, this grouping corresponds with Thailand’s societal age-stage 

delineations, which exhibit distinct differences in travel behaviors, technology 

acceptance, and public transportation utilization patterns. The under-21 group typically 

comprises students, the 21-35 age group represents early-career professionals, and  

the 36+ age group demonstrates more established career paths and decision-making 

processes. The impact of these age differences on MaaS adoption factors is further 

examined in the moderating effects analysis presented in Table 7, where significant 

variations in relationships between constructs across these age groups are identified and 

discussed. 

 

Figure 4.2 Age Distribution of Survey Respondents 

12.9

57.4

29.7

0

10

20

30

40

50

60

70

≤ 21 years 21-35 years ≥ 36 years

P
er

se
n

ta
g

e(
%

)

Age range

Age



55 

Figure 4.3 shows that educational attainment was notably high among 

respondents, with 65.1% holding a bachelor’s degree and an additional 17.0% 

possessing postgraduate qualifications. Only 17.9% reported educational levels below 

a bachelor’s degree. This educational profile indicates a sample with substantial formal 

education, potentially influencing technological literacy and openness to innovation. 

The high educational level of the sample might positively bias attitudes toward 

technological solutions like MaaS, as education has been positively correlated with 

technology acceptance in previous studies. 

 

Figure 4.3 Educational Level of Survey Respondents 

Figure 4.4 shows that Income distribution revealed that a substantial proportion 

of respondents (40.2%) reported monthly earnings of ≤15,000 Thai baht, which is 

below Thailand’s average monthly income of approximately 27,000 baht (National 

Statistical Office, 2021). The second largest income group earned between 15,001-

25,000 baht (26.1%), followed by those earning 25,001-35,000 baht (15.3%). Higher-

income brackets (35,001-45,000 and >45,000 baht) represented 7.9% and 10.5% of 

respondents, respectively. This income distribution suggests that the sample includes 

substantial representation from lower and middle-income groups, which is valuable for 

understanding potential Price Sensitivity in MaaS adoption decisions. 
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Figure 4.4 Monthly Income Distribution of Survey Respondents 

Figure 4.5 shows that Occupational analysis revealed a diverse professional 

background, with students forming the largest group (36.6%), followed by private 

sector employees (25.6%) and public employees (17.2%). The substantial 

representation of students aligns with the age distribution and offers insights into a 

demographic that often relies heavily on public transportation due to budget constraints 

and lifestyle factors. Self-employed individuals constituted 12.0% of respondents, 

while retired persons represented 5.7%. The low representation of 

housewives/househusbands (0.5%) and unemployed individuals (2.4%) should be 

noted when interpreting findings related to these specific groups. 

40.2

26.1

15.3

7.9
10.5

0

5

10

15

20

25

30

35

40

45

≤ 15,000 15,001-25,000 25,001-35,000 35,001-45,000 > 45,000

P
er

se
n

ta
g

e(
%

)
Monthly Income (THB)



57 

 

Figure 4.5 Occupational Distribution of Survey Respondents 

Figure 4.6 shows that Vehicle ownership data revealed that a significant 

majority (68.7%) of respondents owned personal vehicles, while 31.3% did not. This 

ownership pattern is particularly relevant for MaaS adoption research, as vehicle 

owners may evaluate MaaS differently from non-owners, weighing the opportunity 

costs against their existing transportation solutions. Previous research by Alonso-

González et al. (2020) and Ho et al. (2018) has identified vehicle ownership as a 

significant moderating factor in MaaS adoption intentions. 

 

Figure 4.6 Vehicle Ownership Among Survey Respondents 
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Figure 4.7 shows that Household composition analysis showed that nearly half 

of the respondents (48.6%) lived in households with four or more members, followed 

by three-person households (27.3%), two-person households (15.1%), and single-

person households (9.1%). This household size distribution reflects Thailand’s family-

oriented culture and may influence transportation decision-making, as larger 

households often have more complex mobility needs and coordination requirements. 

 

Figure 4.7 Household Size Distribution of Survey Respondents 

Figure 4.8 shows that residential location was relatively evenly distributed 

across urban (34.9%), suburban (35.6%), and rural (29.4%) areas, providing a balanced 

geographical representation. This distribution enables meaningful comparisons of 

MaaS perceptions across different residential contexts, which is valuable given that 

transportation infrastructure and service availability often vary significantly between 

urban and rural settings. 
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Figure 4.8 Residential Area Distribution of Survey Respondents 

Figure 4.9 shows that the analysis of travel behavior revealed that work 

commuting was the predominant purpose of respondents’ latest trips (49.3%), followed 

by educational travel (24.9%) and leisure travel (14.4%). These trip purposes align with 

the demographic composition of the sample, which featured substantial proportions of 

working professionals and students. Trip duration was predominantly in the range of 

15-60 minutes, with 24.4% reporting trips of 15-30 minutes, 20.3% reporting trips of 

30-45 minutes, and 20.1% reporting trips of 45-60 minutes. This duration profile 

suggests that most respondents engage in medium-length journeys that could benefit 

from integrated mobility solutions. 
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Figure 4.9 Main Purpose of Latest Trip Among Survey Respondents 

Figure 4.10 and Figure 4.11 show Travel expenditure patterns indicating that 

most respondents spent relatively modest amounts on transportation, with 26.6% 

spending ≤50 baht and 26.1% spending 51-100 baht on their latest trip. This expenditure 

pattern suggests potential Price Sensitivity influencing MaaS adoption decisions, 

particularly regarding subscription models and bundled services. 

 

Figure 4.10 Average Travel Time Distribution of Survey Respondents 
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Figure 4.11 Average Travel Expenses Distribution of Survey Respondents 

These demographic and socioeconomic characteristics collectively provide  

a comprehensive profile of the respondents and establish the context for interpreting 

subsequent findings on MaaS adoption factors. While showing some deviations from 

Thailand’s general population demographics (particularly in education levels),  

the sample provides diverse representation across key demographic variables relevant 

to transportation research. These characteristics will be considered when interpreting 

the relationships between variables and developing targeted recommendations for 

MaaS implementation strategies in Thailand. 

4.1.2 Travel Behavior Characteristics and MaaS Familiarity 

The analysis of travel behavior characteristics reveals important patterns in 

transportation usage among respondents. As illustrated in Figure 4.12, the frequency of 

weekly transportation usage categorized by transport modes (public transport,  

e-hailing, and private vehicle) shows distinct usage patterns. The data indicates that 

most respondents used public transportation at low frequencies, with 82.8% accessing 

these services fewer than 5 times per week. Similarly, e-hailing services were 

predominantly used at low frequencies, with 90.2% of respondents using these services 

fewer than 5 times weekly. Private vehicle usage demonstrated more distributed 

patterns, where 40.2% used them less than 5 times weekly, while 26.6% utilized them 

11-15 times weekly, indicating a higher reliance on personal vehicles for daily 

transportation needs. 
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Figure 4.12 Frequency of weekly transportation by transport modes 

Regarding trip characteristics, the primary purpose of the latest trip for 49.3% 

of respondents was traveling to work, followed by 24.9% traveling for study purposes. 

The average travel duration was between 15 to 30 minutes for 24.4% of respondents 

and 30-45 minutes for 20.3%. Regarding expenses, 26.6% of respondents spent less 

than or equal to 50 Thai baht on their latest trip, while 26.1% spent between 51-100 

Thai baht, suggesting that cost-effective transportation options are important for  

a significant portion of the sample. 

The relationship between transport mode usage and key travel characteristics 

was further explored through ANOVA testing. The results revealed significant 

associations between travel time and both public transport (p < 0.05) and private vehicle 
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decisions. Travel costs demonstrated a strong relationship with private vehicle usage  

(p < 0.01), suggesting that financial considerations play a crucial role in private 

transportation decisions. Mode transfer exhibited highly significant associations with 

public transport and e-hailing services (p < 0.001), suggesting that the need to transfer 

between modes significantly influences travelers’ choices regarding these services. 

Interestingly, trip purpose was not found to have statistically significant relationships 

with any of the three transport modes examined. 

Regarding familiarity with the MaaS concept, the survey revealed moderate 

awareness among respondents. As shown in Figure 4.13, most respondents (52.6%) 

reported a moderate familiarity with MaaS. Most participants learned about MaaS 

primarily through the questionnaire (37.9%) and social media platforms (25.0%), 

indicating limited prior exposure to the concept. When asked about preferred 

integration in a potential MaaS system, respondents favored the integration of public 

transportation (38.4%) and service applications (28.2%). 

Figure 4.13 Familiarity with the concept of MaaS: familiarity (A), perception sources 

(B), integrated modes (C), and desirable features (D) 
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Respondents most valued ease of use in mobile applications and access to real-

time information in a potential MaaS system. Specifically, respondents emphasized  

the importance of several key features: seamless integration and booking capabilities, 

real-time information availability, efficient payment systems, cost-effective pricing 

structures, and user-friendly mobile applications. More than half of the respondents 

considered all these elements critical. Sustainability was also deemed an important 

feature, though to a slightly lesser extent than the other functional aspects. 

These findings highlight the need for a comprehensive, user-friendly, and 

integrated MaaS system that addresses the diverse needs of potential users, with 

particular emphasis on real-time information, seamless integration, and cost-

effectiveness. The moderate familiarity with MaaS among respondents also suggests 

the importance of information dissemination initiatives and educational initiatives to 

promote understanding and adoption of MaaS concepts in Thailand. 

4.2  Confirmatory Factor Analysis (CFA): Reliability and Validity 

Results 

The reliability and validity of the measurement model were thoroughly assessed 

using multiple statistical techniques to ensure the robustness of the constructs before 

hypothesis testing. Prior to conducting the full measurement model analysis, individual 

CFA was performed for each construct to evaluate factor loadings and identify items 

requiring deletion. 

4.2.1 Item Purification Process 

Table 4.2 presents the factor loadings for all measurement items before model 

refinement. During the initial CFA assessment, three items were identified with factor 

loadings below the acceptable threshold of 0.60: PC1 (0.190), PC2 (0.216), and PS3 

(0.422). These items were systematically removed from the measurement model to 

improve overall model fit and ensure adequate convergent validity. The deletion of 

these poorly performing items enhanced the psychometric properties of their respective 

constructs while maintaining theoretical integrity. 
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Table 4.2 Factor loadings of measurement items before model refinement 

Construct Variable Measurement Statement 
Factors 

Loading 

Performance 

Expectancy 

(PE) 

PE1 Using MaaS for travel saves time. 0.718 

PE2 Using MaaS makes travel easier. 0.816 

PE3 Using MaaS allows me to check transportation services 

in real-time. 

0.833 

PE4 I expect MaaS will fit with the local lifestyle. 0.747 

PE5 I expect MaaS will be practical in my daily life. 0.741 

Effort 

Expectancy 

(EE) 

EE1 Learning to use MaaS will be easy for me. 0.858 

EE2 Using MaaS will be easy for me. 0.887 

EE3 Using MaaS will not require much effort. 0.766 

EE4 I feel confident in my ability to use MaaS. 0.688 

Social 

Influence (SI) 

SI1 I would use MaaS if many others were using it. 0.816 

SI2 I would use MaaS if people important to me support it. 0.892 

SI3 I will use MaaS if it receives positive media reviews. 0.784 

Facilitating 

Conditions 

(FC) 

FC1 I am familiar with mobile payment systems. 0.949 

 FC2 My mobile network connection is reliable when 

traveling. 

0.703 

 FC3 I am familiar with smartphone use and regularly carry 

my phone.  

0.804 

Hedonic 

Motivation 

(HM) 

HM1 Using MaaS would be enjoyable due to increased travel 

flexibility. 

0.718 

 HM2 Using MaaS would be exciting. 0.786 

 HM3 Using MaaS would give me satisfaction. 0.900 

 HM4 Using MaaS would enhance my travel enjoyment. 0.715 

Price Value 

(PV) 

PV1 I expect MaaS services to be reasonably priced. 0.855 

 PV2 The benefits of MaaS would justify its cost. 0.814 

 PV3 Government subsidies would make MaaS more 

attractive. 

0.677 
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Table 4.2 (continued) 

Construct Variable Measurement Statement 
Factors 

Loading 

Price 

Sensitivity 

(PS) 

PS1 I am willing to pay extra to try MaaS as a new travel 

option. 

0.877 

PS2 I am willing to spend significantly on MaaS. 0.722 

PS3 I’m not interested in using it if the new MaaS costs more 

than the old travel system. 

0.422 

Habit (HA) HA1 Using smartphone apps is part of my daily routine. 0.735 

HA2 I am familiar with similar transportation technologies. 0.758 

HA3 I believe I need MaaS even if I’m not yet familiar with it. 0.790 

HA4 Using MaaS could become routine for me. 0.763 

Privacy 

Concerns (PC) 

PC1 I am concern about the privacy of my personal 

information when using the new system (MaaS). 

0.190 

PC2 I am concern in sharing personal information with the 

third parties while using new mode (MaaS) 

0.216 

PC3 I am comfortable sharing my profile and opinions with 

other MaaS users 

0.979 

PC4 I am willing to share necessary personal data with 

relevant MaaS companies. 

0.668 

Perceived 

Risk (PR) 

PR1 I am concerned about privacy risks with MaaS. 0.716 

PR2 I am concerned that MaaS might be cumbersome to use. 0.745 

PR3 I am concerned about the reliability of the MaaS system. 0.879 

Willingness to 

Use (WU) 

WU1 I will choose MaaS as my everyday travel option when 

available. 

0.705 

 WU2 I plan to use MaaS frequently once it’s available. 0.780 

 WU3 I will use MaaS when I need to travel. 0.663 

Usage 

Behavior (UB) 

UB1 Using MaaS will be a pleasant experience. 0.682 

 UB2 MaaS will be my first choice when available. 0.826 

 UB3 I will recommend MaaS to my friends once it’s 

available. 

0.774 
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4.2.2 Final Measurement Model Assessment 

Table 4.3 presents the comprehensive results of the refined measurement model, 

including factor loadings, Cronbach’s alpha, Composite Reliability (CR), and Average 

Variance Extracted (AVE) for each construct after item deletion. 

Internal consistency reliability was evaluated using Cronbach’s alpha and 

Composite Reliability measures. Cronbach’s alpha values ranged from 0.771 (Price 

Sensitivity) to 0.880 (Performance Expectancy), all exceeding the recommended 

threshold of 0.70 (Hair et al., 2012). This indicates strong internal consistency among 

the items measuring each construct. Similarly, Composite Reliability values ranged 

from 0.773 (Privacy Concerns) to 0.892 (Usage Behavior), further confirming  

the reliability of the measurement scales. While Cronbach’s alpha assumes that all 

indicators are equally reliable, Composite Reliability allows for varying indicator 

loadings, providing a more robust assessment of internal consistency (Fornell & 

Larcker, 1981). The strong results from both measures provide compelling evidence for 

the reliability of the constructs. 

Convergent validity, which assesses whether items that should theoretically be 

related to each other demonstrate actual correlations, was examined through 

standardized factor loadings and AVE values. All retained items demonstrated 

standardized factor loadings greater than 0.60, with most exceeding 0.70, indicating 

strong associations between the indicators and their respective latent constructs.  

The AVE values for all constructs exceeded the minimum threshold of 0.50, ranging 

from 0.566 (Performance Expectancy) to 0.733 (Usage Behavior). These values 

indicate that more than 50% of the variance in the indicators is explained by their 

respective latent constructs rather than measurement error, providing strong evidence 

for convergent validity (Fornell & Larcker, 1981). Particularly robust convergent 

validity was observed for Usage Behavior (AVE = 0.733) and Willingness to Use (AVE 

= 0.682), suggesting that these outcome variables were measured with high precision. 
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Table 4.3 Confirmatory Factor Analysis (CFA): Reliability and Convergent Validity 

Assessment 

Factors   Variable Loadings Alpha CR AVE 

Performance Expectancy (PE) PE1 0.657 0.880 0.866 0.566 

  PE2 0.771    

  PE3 0.776    

  PE4 0.769    

  PE5 0.780    

Effort Expectancy (EE) EE1 0.861 0.877 0.889 0.669 

  EE2 0.871    

  EE3 0.670    

  EE4 0.853    

Social Influence (SI) SI1 0.757 0.869 0.848 0.651 

  SI2 0.819    

  SI3 0.842    

Facilitating Conditions (FC) FC1 0.917 0.854 0.860 0.673 

  FC2 0.722    

  FC3 0.811    

Hedonic Motivation (HM) HM1 0.753 0.859 0.878 0.643 

  HM2 0.815    

  HM3 0.854    

  HM4 0.781    

Price Value (PV) PV1 0.844 0.821 0.830 0.620 

  PV2 0.801    

  PV3 0.712    

Price Sensitivity (PS) PS1 0.841 0.771 0.784 0.645 

 PS2 0.764    

Habit (HAB) HA1 0.846 0.847 0.867 0.621 

  HA2 0.713    

  HA3 0.785    

  HA4 0.803    
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Table 4.3 (continued) 

Factors   Variable Loadings Alpha CR AVE 

Privacy Concerns (PC) PC3 0.783 0.790 0.773 0.631 

  PC4 0.805    

Perceived Risk (PR) PR1 0.748 0.818 0.827 0.615 

  PR2 0.743    

 PR3 0.857    

Willingness to Use (WU) WU1 0.819 0.855 0.865 0.682 

  WU2 0.864    

  WU3 0.793    

Usage Behavior (UB) UB1 0.818 0.870 0.892 0.733 

  UB2 0.870    

  UB3 0.879  
  

Discriminate validity, which ensures that constructs that should be unrelated are 

indeed not highly correlated, was assessed using the Heterotrait-Monotrait (HTMT) 

ratio of correlations method. As shown in Table 4.4, all HTMT values were below  

the conservative threshold of 0.90 (Henseler et al., 2015), with most values 

considerably lower. This confirms that each construct in the model captures unique 

phenomena not represented by other constructs. The highest HTMT ratio was observed 

between Willingness to Use and Usage Behavior (0.857), which, while still below  

the threshold, reflects the theoretical proximity of these constructs as sequential stages 

in the technology adoption process. 

The Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy yielded a value 

of 0.959, well above the recommended threshold of 0.80, indicating the excellent 

suitability of the data for factor analysis (Kaiser & Rice, 1974). Furthermore, Bartlett’s 

test of sphericity was significant (p < 0.001), confirming that the correlation matrix is 

significantly different from an identity matrix, thus making the data appropriate for 

factor analysis. Overall, these comprehensive assessments of reliability and validity 

provide strong statistical evidence for the psychometric quality of the measurement 

model. The systematic item purification process, followed by rigorous reliability and 

validity testing, establishes a solid foundation for the subsequent structural model 
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analysis and hypothesis testing, enhancing confidence in the interpretability and 

generalizability of the findings. 

Table 4.4 Heterotrait-Monotrait ratio of correlations 

 PR PC HA PS PV HM FC SI EE PE WU UB 

PR 1.000            
PC 0.145 1.000           
HA 0.233 0.479 1.000          
PS 0.059 0.657 0.518 1.000         
PV 0.498 0.324 0.608 0.406 1.000        
HM 0.268 0.470 0.643 0.537 0.688 1.000       
FC 0.487 0.324 0.699 0.341 0.788 0.621 1.000      
SI 0.366 0.437 0.755 0.435 0.696 0.774 0.755 1.000     
EE 0.237 0.317 0.696 0.372 0.595 0.698 0.652 0.808 1.000    

PE 0.332 0.350 0.618 0.367 0.732 0.680 0.767 0.842 0.798 1.000   

WU 0.316 0.568 0.671 0.593 0.612 0.665 0.604 0.617 0.572 0.631 1.000  

UB 0.310 0.505 0.720 0.531 0.614 0.636 0.653 0.643 0.590 0.626 0.857 1.000 

4.3  Model Fit Indices  

Model fit indices were examined to assess how well the proposed structural 

model fits the observed data. These indices are critical for determining the validity of 

the structural equation model before interpreting the relationships between constructs. 

Table 4.5 presents the overall fitness indicators for the measurement model and their 

recommended values. 

Table 4.5 Indicators and measurement 

Indicator Model value Recommended value Decision 

CMIN/DF = 𝜒2/df 1.967 1 < 𝜒2/df < 3    Accepted 

CFI 0.962 > 0.90 Accepted 

NFI 0.928 > 0.90 Accepted 

IFI 0.963 > 0.90 Accepted 

GFI 0.906 > 0.90 Accepted 

SRMR 0.046 < 0.08 Accepted 

RMSEA 0.044 < 0.05 Excellent fit Accepted 
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Table 4.5 (continued) 

Indicator Model value Recommended value Decision 

TLI 0.937 0 >TLI< 1 Accepted 

Note 𝜒2/df = ratio of chi-square to degrees of freedom, CFI= comparative of fit index, 

SRMR= standardized root mean square residual, RMREA= root mean square 

error of approximation, NFI= normed fit index, IFI= incremental fit index, TLI= 

trucker lewis index, GFI= goodness-of-fit index. 

The Structural Equation Modeling (SEM) diagrams, Figures 4.14 and 4.15, 

provide a comprehensive visual representation of Mobility as a Service (MaaS) 

adoption model, revealing the intricate relationships between various technological 

acceptance constructs. Figure 4.14 illustrates the unstandardized estimates, displaying 

raw path coefficients connecting latent variables in their original measurement units. In 

contrast, Figure 4.15 presents standardized estimates, normalizing the path coefficients 

to a common scale that allows for direct comparisons across different constructs. 

 

Figure 4.14 Diagrammatically model with an unstandardized estimate 
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Figure 4.15 Diagrammatically model with a standardized estimate 

 

The chi-square to degrees of freedom ratio (χ²/df) was 1.967, which falls well 

within the recommended range of 1 to 3, indicating an acceptable model fit. This ratio 

suggests that the proposed model adequately represents the observed covariance among 

the measured variables. The diagrams visually confirm this statistical robustness, 

presenting a complex network of constructs including Performance Expectancy (PE), 

Effort Expectancy (EE), Social Influence (SI), Hedonic Motivation (HM), Facilitating 

Conditions (FC), and Usage Behavior (UB). 

The Comparative Fit Index (CFI) value of 0.962 exceeded the recommended 

threshold of 0.90, suggesting excellent comparative fit between the hypothesized and 

null models. Similarly, the Normed Fit Index (NFI) of 0.928 and the Incremental Fit 

Index (IFI) of 0.963 surpassed the 0.90 threshold, further supporting the model’s 

goodness of fit. These statistical indicators are reflected in the detailed structural 
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relationships depicted in the SEM diagrams, which showcase the nuanced interactions 

between various technological adoption factors. 

The Goodness-of-Fit Index (GFI) was 0.906, exceeding the recommended value 

of 0.90, indicating that the model fits the sample data well. The Standardized Root 

Mean Square Residual (SRMR) value was 0.046, well below the maximum acceptable 

threshold of 0.08, suggesting minimal differences between the observed correlation 

matrix and the model-implied correlation matrix. The Root Mean Square Error of 

Approximation (RMSEA) was 0.044, below 0.05, signifying excellent fit and indicating 

that the model represents a close approximation to the population. 

The Tucker-Lewis Index (TLI) of 0.937 surpassed the recommended value of 

0.90, further confirming the model’s robustness. The unstandardized and standardized 

estimate diagrams provide a visual testament to this statistical rigor, displaying  

a sophisticated web of relationships that go beyond simple linear connections.  

By presenting both raw and normalized coefficients, these figures offer researchers a 

comprehensive view of the complex decision-making processes underlying MaaS 

adoption in the Thai context. 

Collectively, these fit indices and visual representations demonstrate that  

the proposed structural model exhibits excellent fit with the empirical data.  

All indicators met or exceeded their respective thresholds, providing a strong 

foundation for the subsequent analysis of path relationships and hypothesis testing.  

The strong model fit suggests that the extended UTAUT2 framework, incorporating 

Privacy Concerns, Perceived Risk, and Price Sensitivity, is appropriate for examining 

the factors influencing MaaS adoption in the Thai context. This robust model fit 

increases confidence in the validity of the findings and the theoretical relationships 

being tested. 
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4.4  Hypothesis Testing  

The hypothesized relationships between the constructs were tested using 

Structural Equation Modeling. Figure 4.16 displays the structural model with path 

coefficients, while Table 4.6 presents the results of the hypothesis testing. Each 

hypothesis is discussed in detail below, including theoretical justification and empirical 

findings. 

4.4.1 Performance Expectancy (H1) 

H1: Performance expectancy for MaaS has a path impact on Willingness to Use. 

The analysis confirmed a significant positive relationship between performance 

expectancy and Willingness to Use MaaS (β = 0.441, p < 0.05), supporting H1.  

This indicates that Thai commuters are more likely to adopt MaaS when they perceive 

it will enhance their travel experience through benefits such as time savings, improved 

efficiency, and greater convenience. This finding aligns with previous UTAUT2 studies 

consistently identifying performance expectancy as a key determinant of technology 

adoption (Venkatesh et al., 2012; Alalwan et al., 2016). 

For MaaS implementation in Thailand, this suggests that highlighting functional 

benefits such as reduced travel time, seamless integration of transportation modes, and 

real-time service information would significantly enhance adoption intentions.  

The strong path coefficient (β = 0.441) indicates that performance expectancy is one of 

the most influential factors in the model, reinforcing the importance of utilitarian value 

in transportation technology adoption decisions. 

4.4.2 Effort Expectancy (H2) 

H2: Effort expectancy for MaaS has a path impact on Willingness to Use. 

Contrary to theoretical expectations, effort expectancy did not significantly 

influence Willingness to Use MaaS (β = -0.024, p = 0.817), leading to the rejection of 

H2. This result diverges from traditional UTAUT2 findings (Venkatesh et al., 2012), 

which typically show a positive relationship between ease of use and adoption 

intentions. 
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The non-significant relationship might be explained by several factors specific 

to the Thai context. First, the proliferation of mobile applications and digital services 

in Thailand has created a population highly familiar with technology interfaces, 

potentially reducing the salience of effort concerns (Ayuning Budi et al., 2021). Second, 

the potential benefits of MaaS might outweigh concerns about effort, particularly in 

urban areas with significant transportation challenges. Third, the sample’s demographic 

profile, with 65.1% holding bachelor’s degrees and 57.4% aged 21-35 years, represents 

a relatively tech-savvy population for whom effort expectancy may be less relevant. 

4.4.3 Facilitating Conditions (H3a and H3b) 

H3a: Facilitating Conditions for MaaS have a path impact on Willingness to 

Use. 

H3b: Facilitating Conditions for MaaS have a path impact on Usage Behavior. 

The results showed that Facilitating Conditions did not significantly influence 

Willingness to Use MaaS (β = 0.017, p = 0.865), rejecting H3a. However, Facilitating 

Conditions significantly affected Usage Behavior (β = 0.116, p < 0.05), supporting H3b. 

This interesting pattern suggests that while Facilitating Conditions (technological 

infrastructure, support resources, and connectivity) may not directly motivate adoption 

intentions, they become crucial enablers of actual Usage Behavior. 

This finding partially aligns with Venkatesh et al.’s (2012) proposition that 

Facilitating Conditions directly influence behavioral intention and Usage Behavior in 

consumer contexts. The significant path from Facilitating Conditions to Usage 

Behavior highlights the importance of ensuring adequate technological infrastructure, 

reliable mobile connectivity, and support systems for successful MaaS implementation 

in Thailand (Bhattacherjee, 2000; Rodríguez-Espíndola et al., 2022). The moderating 

effects analysis (Table 4.6) further revealed that this relationship is particularly strong 

in rural areas, emphasizing the need for infrastructure development in less urbanized 

regions. 

4.4.4 Social Influence (H4) 

H4: Social Influence for MaaS has a path impact on Willingness to Use. 

The analysis revealed a significant but negative relationship between Social 

Influence and Willingness to Use MaaS (β = -0.395, p < 0.05), partially supporting H4. 

While the relationship was significant, as hypothesized, the negative direction was 
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contrary to expectations. This unexpected finding suggests that social pressure or 

opinions from important others in the Thai context might actually discourage MaaS 

adoption intentions. 

Several contextual factors might explain this counterintuitive result. First, 

transportation choices in Thai culture often serve as status symbols, with private vehicle 

ownership representing achievement and success (Van & Fujii, 2011). Social Influence 

may reinforce preferences for private transportation rather than shared mobility 

solutions. Second, MaaS represents a novel concept in Thailand, and social networks 

might exhibit conservatism toward unproven transportation innovations. Third, 

concerns about data privacy and security might be amplified through social networks, 

creating negative perceptions of digital transportation platforms. 

This finding contrasts with previous UTAUT2 studies in transportation contexts 

that typically report positive Social Influence effects (Dwivedi et al., 2021; De Leon, 

2019) and highlights the importance of cultural context in technology adoption 

research. 

4.4.5 Hedonic Motivation (H5) 

H5: Hedonic Motivation for MaaS has a path impact on Willingness to Use. 

Hedonic Motivation significantly influenced Willingness to Use MaaS  

(β = 0.265, p < 0.01), supporting H5. This indicates that anticipated enjoyment, 

pleasure, and satisfaction derived from using MaaS significantly motivate adoption 

intentions among Thai commuters. This finding aligns with previous UTAUT2 research 

highlighting the importance of hedonic factors in consumer technology contexts 

(Alalwan et al., 2018; Baabdullah et al., 2019). 

The significant influence of Hedonic Motivation suggests that MaaS providers 

should emphasize functional benefits and experiential aspects of their services. Features 

that enhance travel enjoyment, create positive emotions, or add gamification elements 

could potentially increase adoption rates. The moderating effects analysis (Table 4.7) 

revealed that Hedonic Motivation is particularly influential among those aged over 36 

years (β = 0.444, p < 0.001) and female users (β = 0.307, p < 0.001), providing guidance 

for targeted marketing strategies. 
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4.4.6 Habit (H6a and H6b) 

H6a: Habit for MaaS has a path impact on Willingness to Use. 

H6b: Habit for MaaS has a path impact on Usage Behavior. 

The results strongly supported both H6a and H6b, revealing significant positive 

relationships between Habit and Willingness to Use (β = 0.344, p < 0.01) and between 

Habit and Usage Behavior (β = 0.212, p < 0.001). These findings indicate that Habitual 

use of similar technologies (e.g., smartphone apps and digital transportation services) 

positively influences MaaS adoption intentions and Usage Behavior. The mediation 

analysis (Table 4.8) further revealed that Habit directly and indirectly affects Usage 

Behavior, with a substantial total effect (β = 0.437). 

These results align with previous findings highlighting Habit as a powerful predictor of 

technology use (Limayem et al., 2007; Venkatesh et al., 2012). For MaaS 

implementation, this suggests the importance of creating seamless user experiences that 

promote Habitual use, potentially through consistent interfaces, personalized 

recommendations based on travel history, and integration with commonly used 

applications. The significant moderating effects for vehicle owners (Table 4.7) indicate 

that Habit formation may be particularly important for transitioning current drivers to 

MaaS solutions. 

4.4.7 Price Value (H7) 

H7: Perceived Price Value for MaaS has a path impact on Willingness to Use. 

Contrary to expectations, Price Value did not significantly influence 

Willingness to Use MaaS (β = 0.015, p = 0.902), leading to the rejection of H7.  

This finding diverges from the original UTAUT2 model, which identifies Price Value 

as a significant determinant of behavioral intention in consumer contexts (Venkatesh et 

al., 2012). 

The non-significant relationship might be attributed to several factors. First, 

without concrete pricing models for MaaS in Thailand, respondents may have had 

difficulty assessing price-value relationships for a hypothetical service. Second,  

the high percentage of students (36.6%) and respondents with lower incomes (40.2% 

earning ≤15,000 THB monthly) in the sample might have focused more on absolute 

affordability rather than price-value ratios. Third, transportation decisions often involve 
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complex value considerations beyond simple monetary calculations, including time 

savings, convenience, and environmental impacts. 

This finding suggests that price-value perceptions may become more relevant 

once concrete MaaS offerings are introduced in Thailand with specific pricing 

structures, allowing for more informed consumer evaluations. 

4.4.8 Price Sensitivity (H8) 

H8: Price Sensitivity for MaaS has a path impact on Willingness to Use. 

Price Sensitivity demonstrated a significant positive relationship with 

Willingness to Use MaaS (β = 0.151, p < 0.05), supporting H8. This finding indicates 

that users’ awareness of and responsiveness to price variations positively influences 

their adoption intentions. This interesting result suggests that price-conscious 

consumers may view MaaS as a potentially cost-effective alternative to existing 

transportation options, particularly private vehicle ownership with its associated costs 

of purchase, maintenance, insurance, and fuel. 

The finding aligns with previous transportation studies highlighting the 

importance of Price Sensitivity in mobility decisions (Han et al., 2001; Öztaş Karlı et 

al., 2022). For MaaS implementation in Thailand, this suggests the value of transparent, 

flexible pricing structures that allow users to optimize costs based on their needs. The 

moderating effects analysis revealed stronger relationships for those over 36 years old 

(β = 0.284, p < 0.01) and female users (β = 0.181, p < 0.01), indicating demographic 

variations in Price Sensitivity that could inform targeted pricing strategies. 

4.4.9 Privacy Concerns (H9) 

H9: Privacy Concerns for MaaS have a path impact on Willingness to Use. 

The analysis revealed a significant positive relationship between Privacy 

Concerns and Willingness to Use MaaS (β = 0.152, p < 0.05), supporting H9.  

This finding is particularly interesting as it indicates that acknowledging and addressing 

Privacy Concerns positively influences adoption intentions, rather than deterring them 

as might be expected from a purely negative interpretation of Privacy Concerns. 

This result suggests that users value transparency and control regarding their 

personal data in transportation services. Rather than avoiding services with privacy 

implications, users appear willing to adopt MaaS when their Privacy Concerns are 

acknowledged and adequately addressed. This aligns with research by Kong et al. 
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(2021) and Huang (2022) emphasizing the importance of trust in service providers’ data 

handling practices. 

The moderating effects analysis revealed stronger relationships among male 

users (β = 0.517, p < 0.001) compared to females (β = 0.045), suggesting gender 

differences in privacy sensitivity that should be considered in MaaS implementation. 

For successful MaaS deployment in Thailand, this finding highlights the importance of 

robust privacy policies, transparent data practices, and user control over personal 

information. 

4.4.10 Perceived Risk (H10) 

H10: Perceived Risk for MaaS has a path impact on Willingness to Use. 

Perceived Risk demonstrated a significant positive influence on Willingness to 

Use MaaS (β = 0.117, p < 0.05), supporting H10. Similar to Privacy Concerns, this 

finding suggests that acknowledging and addressing potential risks positively 

influences adoption intentions rather than deterring them. Users appear more willing to 

adopt MaaS when they perceive that risks are being recognized and mitigated. 

This result aligns with studies by Cocosila and Turel (2022) highlighting the 

complex role of risk perception in technology adoption. For MaaS implementation in 

Thailand, this suggests the importance of proactive risk communication, security 

measures, and trust-building mechanisms. The positive relationship indicates that 

transparent discussion of potential risks and their mitigations may actually enhance user 

confidence rather than create barriers to adoption. 

The moderating effects analysis revealed significant relationships for urban 

residents (β = -0.192, p < 0.05), indicating that risk perception may function differently 

across residential contexts, with urban dwellers potentially more risk-averse regarding 

transportation innovations. 

4.4.11 Willingness to Use and Usage Behavior (H11) 

H11: Willingness to Use MaaS has a path impact on Usage Behavior. 

The analysis strongly supported H11, revealing a significant positive 

relationship between Willingness to Use and Usage Behavior (β = 0.656, p < 0.001). 

This finding confirms the fundamental theoretical proposition that behavioral intention 

is a strong predictor of actual behavior (Venkatesh et al., 2012; Hasbullah et al., 2016). 

The high path coefficient (β = 0.656) indicates that Willingness to Use explains  
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a substantial portion of the variance in Usage Behavior, reinforcing the validity of the 

UTAUT2 framework for predicting MaaS adoption. 

The significant relationship was consistent across all demographic segments 

examined in the moderating effects analysis (Table 4.7), indicating the robustness of 

this core theoretical relationship. This finding provides confidence that initiatives to 

enhance adoption intentions will likely translate into actual MaaS usage once  

the service becomes available in Thailand. 

4.4.12 Summary of Hypothesis Testing 

The structural model testing revealed that 9 out of 13 hypothesized relationships 

were supported. Performance expectancy, Hedonic Motivation, Habit, Price 

Sensitivity, Privacy Concerns, and Perceived Risk all significantly influenced 

Willingness to Use MaaS, while Social Influence had a significant negative impact. 

Facilitating Conditions and Habit significantly influenced Usage Behavior, as did 

Willingness to Use. Effort expectancy, Facilitating Conditions (to willingness), and 

Price Value did not show significant relationships with Willingness to Use. 

The model demonstrated strong explanatory power, with R² values of 0.661 for 

Willingness to Use and 0.780 for Usage Behavior, indicating that the extended 

UTAUT2 framework effectively captures the determinants of MaaS adoption in  

the Thai context. These findings provide valuable insights for MaaS implementation 

strategies, highlighting the importance of addressing both utilitarian and hedonic 

aspects of the service, fostering Habit formation, considering Price Sensitivity, and 

addressing privacy and risk concerns transparently. 

Table 4.6 Hypothesis test 

  

Hypothesis Path Beta S.E. t-stat p-value Decision 

H1 PE→WU 0.441 0.195 2.265 0.023* Accepted 

H2 EE→WU -0.024 0.102 -0.232 0.817 Not Accepted 

H3a FC→WU 0.017 0.101 0.170 0.865 Not Accepted 

H3b FC→UB 0.116 0.046 2.515 0.012* Accepted 

H4 SI→WU -0.395 0.200 -1.972 0.049* Accepted 

H5 HM→WU 0.265 0.100 2.651 0.008** Accepted 
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Table 4.6 (continued) 

Note * Significant at 0.050 level, ** Significant at 0.010 level, *** Significant at 0.001 

level. 

H2(β = -0.024, p = 0.817)

Performance 

Expectancy (PE)

Effort 

Expectancy (EE)

Facilitating 

Conditions (FC)

Social 

Influence (SI)

Hedonic 

Motivation (HM)
Habit (HAB)

Privacy 

Concerns (PC)

Perceived 

Risk (PR)

Price

 Value (PV)

Price 

Sensitivity (PS)

Willingness to Use (WU)

R² = 0.661 

Usage Behavior (UB)

R² = 0.780

Demographic variables: Gender, Age, Vehicle ownership, Residence

Technological dimension Social dimension

Trust and Safety 

dimension
Economic dimension

H1(β = 0.441, *)

H3b(β = 0.116, *)

H3a(β = 0.017, p = 0.865)

H5(β = 0.265, **)

H6a(β = 0.344, **)

H6b(β = 0.212,***)

H7(β = 0.015, p = 0.902)

H8(β = 0.151, *)

H9(β = 0.152, *)

H10(β = 0.117, *)
H11(β = 0.656, ***)

H4(β = -0.395, *)

 

Figure 4.16 Structural model results 

  

Hypothesis Path Beta S.E. t-stat p-value Decision 

H6a HA→WU 0.344 0.106 3.254 0.001** Accepted 

H6b HA→UB 0.212 0.054 3.883 0.000*** Accepted 

H7 PV→WU 0.015 0.122 0.124 0.902 Not Accepted 

H8 PS→WU 0.151 0.068 2.229 0.026* Accepted 

H9 PC→WU 0.152 0.063 2.414 0.016* Accepted 

H10 PR→WU 0.117 0.055 2.133 0.033* Accepted 

H11 WU→UB 0.656 0.052 12.671 0.000*** Accepted 
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4.5  Moderating Effect  

Table 4.7 presents the moderating effects of control variables (residence, age, 

gender, and vehicle ownership) on the relationships between different constructs and 

the primary outcomes: Willingness to Use (WU) and Usage Behavior (UB). The 

relationships were depicted through hypothesis paths, highlighting variations across 

residential areas such as urban, suburban, and rural settings regarding their influence 

on WU and UB paths. 

4.5.1 Residence Effects 

The analysis revealed significant differences in how residential location 

moderates the relationships between constructs. The pairwise comparisons revealed 

that rural areas have a stronger substantial effect than suburban areas on FC→UB  

(β = 0.256 vs. β = 0.203, p < 0.001 vs. p < 0.05), and rural areas had a more substantial 

effect than urban areas on HA→UB (β = 0.264 vs. β = 0.286, p < 0.001 vs. p < 0.01). 

These findings suggest that Facilitating Conditions play a more crucial role in 

determining Usage Behavior among rural residents compared to suburban residents, 

possibly due to infrastructure limitations or accessibility challenges in rural settings. 

Similarly, Habit appears to have a stronger influence on Usage Behavior in rural 

contexts compared to urban environments, potentially reflecting the greater reliance on 

established behavioral patterns in areas with fewer transportation alternatives (Lyons et 

al., 2019). 



 

Table 4.7 Moderating effects of control variables 

Note * Significant at 0.050 level, ** Significant at 0.010 level, *** Significant at 0.001 level 

 

   PE͢͢͢͢WU EEWU SIWU HMWU FCWU PVWU HAWU PSWU PCWU PRWU WUUB FCUB HAUB 

Residence 

Urbana -0.044 -0.223 0.074 0.131 0.241 0.207 0.357 0.141 0.194 -0.192* 0.626*** -0.005 0.286** 

Suburbb 2.704 -0.454 -2.022 0.921 -0.273 -0.320 0.583 0.756 -0.493 0.001 0.740*** 0.203* 0.091 

Ruralc 1.409 -0.222 -2.186 0.445 -0.316 0.021 0.984 0.139 -0.083 0.700 0.522*** 0.256*** 0.264*** 

airwise - - - - - - - - - - - c***>b* c***>a** 

Age 

<21d -0.239 0.473 1.790 0.127 -0.091 -0.967 -0.913 0.735 -0.183 0.597 0.891*** 0.069 0.09 

21-36e 0.653 -0.187 -0.400 0.152 -0.342* 0.168 0.624** 0.193 0.049 0.174* 0.633*** 0.197** 0.209** 

>36f -0.225 0.078 -0.085 0.444*** 0.310** 0.217 -0.037 0.284** 0.308*** -0.02 0.783*** -0.108 0.254** 

Pairwise - - - - f**>e* - - - - - - - - 

Gender 

Male 0.080 0.391 -0.485 0.121 0.106 0.041 0.343 -0.048 0.517*** 0.076 0.701 0.140* 0.167 

Female 0.539** -0.120 -0.355 0.307*** 0.023 0.060 0.292 0.181** 0.045 0.126* 0.654 0.103 0.223** 

z-score 1.169 -2.124** 0.289 0.646 -0.379 0.071 -0.256 1.371 

-

3.024**

* 

0.423 -0.460 -0.414 0.506 

Vehicle 

Ownership 

Yes 0.273 -0.012 -0.183 0.271** 0.038 0.067 0.267** 0.128 0.128* 0.137* 0.644 0.111* 0.242*** 

No 1.283 -0.857 -1.331 0.679 -0.226 0.015 1.263 -0.004 0.417 -0.147 0.618*** 0.108 0.145 

z-score 0.371 -0.343 -0.392 0.456 -0.225 -0.063 0.731 -0.339 0.940 -1.218 -0.226 -0.030 -0.711 

8
3
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4.5.2 Age-Related Differences 

The difference between age groups identified by pairwise comparison indicated 

that FC→WU was vital in the age group over 36 (β = 0.310, p < 0.01), compared to  

the 21 to 36 group (β = -0.342, p < 0.05). This suggests that older users place greater 

importance on supportive infrastructure and resources when forming adoption 

intentions, aligning with previous findings that older demographics may require more 

comprehensive support systems when adopting new. Interestingly, Hedonic Motivation 

demonstrated significant influence on Willingness to Use among those aged over 36  

(β = 0.444, p < 0.001), suggesting that enjoyment factors are particularly important for 

older users when considering MaaS adoption. 

4.5.3 Gender Differences 

Gender differences were compared by z-score, indicating significant contrasts 

between males and females in EE→WU (z = -2.124, p < 0.01) and PC→WU  

(z = -3.024, p < 0.001), with females showing a stronger substantial effect in both paths. 

The negative z-score values indicate that the relationship strength differs significantly 

between gender groups, with the direction and magnitude of these differences revealed 

through the individual path coefficients for each group. This suggests that ease of use 

is a more critical determinant of adoption willingness for female users compared to 

males, consistent with previous technology adoption research highlighting gender 

differences in the importance placed on user-friendliness. Additionally, the stronger 

relationship between Privacy Concerns and Willingness to Use among male users  

(β = 0.517 vs. β = 0.045) suggests that men may be more sensitive to privacy issues 

when considering MaaS adoption, with the significant negative z-score (z = -3.024) 

confirming that this gender difference is statistically meaningful rather than due to 

random variation. This finding adds nuance to our understanding of gender differences 

in technology acceptance patterns. 

The negative z-score values do not indicate negative relationships, but rather 

significant differences in the strength of relationships between male and female groups. 

The z-score compares the path coefficients between groups, with negative values 

indicating that one group shows a stronger effect than the other, as evidenced by the 

individual beta coefficients presented in Table 4.7. 
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4.5.4 Vehicle Ownership Influence 

Vehicle ownership revealed significant positive effects for HM→WU  

|(z = 0.271, p < 0.01), HA→WU (z = 0.267, p < 0.01), PR→WU (z = 0.137, p < 0.05), 

FC→UB (z = 0.111, p < 0.05), and HA→UB (z = 0.242, p < 0.001). These findings 

indicate that vehicle owners evaluate MaaS differently than non-owners, with Hedonic 

Motivation and Habit playing more substantial roles in their adoption intentions.  

This may reflect the opportunity cost considerations of vehicle owners, who must 

perceive significant benefits beyond their existing transportation solution to adopt 

MaaS. Non-ownership positively affected WU→UB (z = 0.618, p < 0.001), with no 

significant z-score differences observed between vehicle owners and non-owners for 

any path. This suggests that the translation of willingness into actual usage might be 

more straightforward for non-vehicle owners, who may have fewer alternative 

transportation options. 

4.5.5 Implications of Moderating Effects 

The moderation analysis reveals the importance of considering demographic 

and contextual factors when implementing MaaS systems. The significant variations 

across different user groups suggest that a one-size-fits-all approach to MaaS 

deployment may be insufficient. For example, rural areas may require stronger support 

systems and infrastructure development to facilitate adoption, while different age 

groups may respond to different value propositions (ease of use for younger users, 

supportive conditions for older users). Similarly, gender-specific considerations should 

be incorporated into interface design and marketing strategies, with particular attention 

to ease of use for female users and privacy assurances for male users. 

In summary, the impact of FC on UB was significant for rural residents and 

those aged 21 to 36. HA consistently showed significant positive effects on UB across 

various demographic groups, indicating its strong influence on Usage Behavior. WU's 

impact on UB was significant across all residence categories, indicating its crucial role 

in shaping Usage Behavior. These findings provide valuable insights for tailoring MaaS 

implementation strategies to different demographic segments, potentially increasing 

adoption rates and user satisfaction. 
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4.6  Validated Result  

The analysis reported in Table 4.8 revealed significant insights into  

the relationships between constructs in the model. FC exerted a direct and significant 

effect on UB, as indicated by the path coefficient (LLCI = 0.011, ULCL = 0.223) 

(Preacher & Hayes, 2008). However, the impact of FC on UB was not significantly 

amplified through indirect or total effects mediated by other variables. Interestingly, FC 

did not directly impact WU, whereas HA demonstrated a significant direct effect on 

WU. 

Table 4.8 Mediation effects 

Variable Estimate Boot SE LLCI ULCI 

Direct Effects 

UB←FC 0.116 0.054 0.011 0.223 

UB←HA 0.212 0.064 0.090 0.339 

Indirect Effect (Mediation) 

UB←FC 0.012 0.095 -0.157 0.181 

UB←HA 0.214 0.116 0.058 0.408 

Total Effects      

UB←FC 0.128 0.102 -0.045 0.316 

UB←HA 0.437 0.120 0.261 0.675 

Note LLCI=lower limit confidence interval, ULIC= upper limit confidence interval  

In contrast, HA significantly affected UB through direct, indirect, and overall 

paths. This comprehensive impact underscored the substantial role of HA in influencing 

both WU and UB within the model. To validate these relationships and ensure the 

robustness of the findings, a bootstrapping procedure was implemented with 1,000 

resamples and a bias-corrected 95% confidence interval. Bootstrapping, as a non-

parametric resampling technique, provides a more accurate estimation of standard 

errors and confidence intervals by generating multiple subsamples from the original 

dataset (Hayes, 2013). This approach is particularly valuable for testing mediation 

effects in Structural Equation Modeling as it does not impose assumptions of normality 
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on the sampling distribution of indirect effects and provides higher statistical power 

compared to traditional methods like the Sobel test (Zhao et al., 2010). 

In this study, the bootstrap analysis with 1,000 iterations generated empirical 

approximations of the sampling distributions for the direct, indirect, and total effects. 

The results confirmed the significance of HA's direct effect on UB (β = 0.212, Boot SE 

= 0.064, LLCI = 0.090, ULCI = 0.339) and its indirect effect through WU (β = 0.214, 

Boot SE = 0.116, LLCI = 0.058, ULCI = 0.408). The total effect of HA on UB was also 

significant (β = 0.437, Boot SE = 0.120, LLCI = 0.261, ULCI = 0.675), indicating 

robust evidence for both direct and mediated pathways. The non-overlapping 

confidence intervals with zero provide strong statistical support for these relationships. 

While FC directly impacted UB (β = 0.116, Boot SE = 0.054, LLCI = 0.011, 

ULCI = 0.223), its overall effect—considering both direct and mediated pathways—

was not significant (β = 0.128, Boot SE = 0.102, LLCI = -0.045, ULCI = 0.316) as the 

confidence interval included zero. The robust direct effect of HA on UB highlighted 

the strength and significance of this relationship in determining Usage Behavior within 

the framework, emphasizing the critical role of Habitual behavior in MaaS adoption. 

The bootstrapping results enhance the reliability of our findings by accounting 

for potential sampling variability and providing more accurate estimates of standard 

errors, which is especially important given the complexity of the model and the non-

normal distribution of mediation effects (MacKinnon et al., 2004). This rigorous 

validation approach strengthens confidence in the structural relationships identified in 

the model and provides a more nuanced understanding of how Facilitating Conditions 

and Habits influence MaaS Usage Behavior both directly and through Willingness to 

Use. 
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CHAPTER 5 

CONCLUSION AND DISCUSSION 

5.1  Research Overview and Addressing Research Objectives 

This study investigated the determinants influencing public commuters’ 

adoption of Mobility as a Service (MaaS) in Thailand, applying an extended unified 

theory of acceptance and use of technology (UTAUT2) framework. The research 

addressed three key objectives through systematic analysis of data collected from 418 

participants across Thailand, employing structural equation modeling to examine 

complex relationships within integrated passenger logistics systems. 

5.1.1 Addressing Research Objective 1: Overall Acceptance Level 

Research Objective 1: To explore the overall acceptance level among potential 

Thai commuters toward MaaS as an integrated passenger logistics solution and assess 

the possibilities for successful implementation in Thailand’s transportation ecosystem. 

Research Question 1: To what extent are Thai commuters willing to accept 

MaaS as their primary mobility management system? 

Overall Acceptance Assessment: The study findings reveal a moderate to 

positive acceptance level toward MaaS among Thai commuters. The model 

demonstrated strong explanatory power with R² values of 0.661 for willingness to use 

and 0.780 for usage behavior, indicating that 66.1% of the variance in adoption 

intentions and 78% of usage behavior variance can be explained by the identified 

factors. This substantial explanatory power suggests that Thai commuters’ acceptance 

of MaaS is influenced by multiple, well-defined factors rather than random preferences. 

Current Awareness and Familiarity: The demographic analysis showed that 

52.6% of respondents reported moderate familiarity with MaaS, primarily learning 

about the concept through the survey questionnaire (37.9%) and social media (25.0%). 

This indicates limited prior exposure but suggests openness to learning about 

innovative mobility solutions. 
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Implementation Potential: The strong positive relationship between willingness 

to use and usage behavior (β = 0.656, p < 0.001) demonstrates that once  

Thai commuters develop positive intentions toward MaaS, they are highly likely to 

translate these intentions into actual usage, indicating strong potential for successful 

implementation in Thailand’s transportation ecosystem. 

5.1.2 Addressing Research Objective 2: Key Adoption Factors 

Research Objective 2: To identify and analyze the most significant concerns and 

requirements influencing potential users’ adoption decisions regarding MaaS in 

Thailand. 

Research Question 2: What factors most strongly influence user willingness to 

adopt MaaS from a passenger logistics perspective? 

The analysis identified six significant positive factors and one negative factor 

influencing MaaS adoption willingness: 

Positive Influences: Performance Expectancy (β = 0.441, p < 0.05) emerged as 

the strongest predictor, indicating that Thai users prioritize functional benefits such as 

time savings, convenience, and improved travel efficiency. This aligns with passenger 

logistics principles of optimizing travel experiences. Habit (β = 0.344, p < 0.01) 

represented the second strongest factor, suggesting that users familiar with smartphone 

applications and digital transportation services are more likely to adopt MaaS.  

This factor demonstrates both direct effects on willingness (β = 0.344) and usage 

behavior (β = 0.212), with a substantial total effect (β = 0.437). 

Hedonic Motivation (β = 0.265, p < 0.01) indicates that enjoyment and 

satisfaction derived from using MaaS significantly influence adoption decisions, 

highlighting the importance of user experience design. Privacy Concerns (β = 0.152,  

p < 0.05) showed a counterintuitively positive influence, suggesting that 

acknowledging and addressing privacy concerns enhances rather than deters adoption 

intentions. Price Sensitivity (β = 0.151, p < 0.05) indicates that price-conscious users 

view MaaS as potentially cost-effective compared to existing transportation options. 

Perceived Risk (β = 0.117, p < 0.05) also demonstrated a counterintuitively positive 

effect, suggesting that transparent risk communication and mitigation strategies 

enhance user confidence. 
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Negative Influence: Social Influence (β = -0.395, p < 0.05) exhibited  

a significant negative relationship with adoption willingness, suggesting that social 

pressures may actually discourage MaaS adoption in Thai culture, possibly due to  

the status associated with private vehicle ownership or skepticism toward unfamiliar 

transportation concepts. 

Non-Significant Factors: Effort Expectancy and Price Value showed no 

significant relationships with adoption willingness, possibly due to high digital literacy 

among respondents and the hypothetical nature of MaaS pricing in Thailand. 

5.1.3 Addressing Research Objective 3: User Profiles and Implementation 

Strategies 

Research Objective 3: To develop user profiles and adoption patterns that can 

inform stakeholder strategies for effectively implementing MaaS systems within 

Thailand’s transportation network. 

Research Question 3: What traveler characteristics and influence factors should 

stakeholders prioritize when planning and operating future MaaS deployments in 

Thailand? 

The moderating effects analysis revealed distinct user profiles requiring 

differentiated implementation strategies: 

Age-Based Profiles: Older Users (>36 years) prioritize facilitating conditions  

(β = 0.310, p < 0.01) and show strong hedonic motivation effects (β = 0.444, p < 0.001). 

They require comprehensive support systems and should be targeted with messaging 

emphasizing enjoyment and ease of support. Young Adults (21-35 years) show 

significant habit effects (β = 0.624, p < 0.01) and price sensitivity (β = 0.193, p < 0.01), 

suggesting they value familiar interfaces and cost-effectiveness. 

Gender-Based Profiles: Female Users demonstrate stronger relationships 

between effort expectancy and willingness (z = -2.124, p < 0.01), indicating that ease 

of use is more critical for women. They also show significant effects for performance 

expectancy (β = 0.539, p < 0.01) and hedonic motivation (β = 0.307, p < 0.001). Male 

Users show stronger privacy concerns effects (β = 0.517, p < 0.001), suggesting they 

require more robust privacy assurances. 

Geographic Profiles: Rural Residents show stronger effects of facilitating 

conditions on usage behavior (β = 0.256, p < 0.001 vs. suburban β = 0.203, p < 0.05), 
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indicating greater need for infrastructure support and potentially offline capabilities. 

Urban/Suburban Residents show more balanced factor influences, allowing for 

standard implementation approaches. 

Vehicle Ownership Profiles: Vehicle Owners require stronger hedonic 

motivation (β = 0.271, p < 0.01) and habit formation (β = 0.267, p < 0.01) to overcome 

the opportunity costs of existing transportation solutions. Non-Vehicle Owners show 

stronger willingness-to-usage behavior relationships (β = 0.618, p < 0.001), indicating 

more straightforward adoption pathways. 

5.2  Theoretical Contributions and Knowledge Gap Addressing 

This research contributes to the growing body of knowledge on MaaS adoption 

in several significant ways, addressing key gaps in the existing literature. The study 

successfully extended the UTAUT2 model by incorporating three additional constructs: 

privacy concerns, perceived risk, and price sensitivity, specifically relevant to 

transportation technology adoption. This extension enhanced the model’s explanatory 

power and provided a more comprehensive understanding of MaaS adoption factors in 

emerging markets. The positive relationships found for privacy concerns and perceived 

risk challenge traditional assumptions about these factors as adoption barriers, 

contributing new theoretical insights to technology acceptance research. 

The research revealed culturally specific findings, particularly the negative 

effect of social influence on MaaS adoption intentions. This finding contrasts with most 

Western studies and highlights the importance of cultural context in technology 

adoption research. The negative social influence may reflect Thai cultural associations 

between transportation choices and social status, where private vehicle ownership 

represents achievement and success. By focusing on Thailand as a representative 

emerging market, this study addresses the gap in MaaS research that has predominantly 

focused on developed countries, providing valuable insights for other Southeast Asian 

countries with similar cultural and economic contexts. 

The research approached MaaS from a passenger logistics perspective, viewing 

mobility as an integrated supply chain of passenger movement. This approach adds a 
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new theoretical lens to transportation research, bridging logistics management 

principles with technology acceptance theory. This perspective emphasizes  

the importance of viewing the entire passenger journey as an integrated system rather 

than separate transportation modes, contributing to the evolution of transportation 

theory from mode-specific to system-wide thinking. 

5.3  Practical Implications and Policy Recommendations 

The research findings provide actionable insights for multiple stakeholder 

groups involved in MaaS implementation. For MaaS service providers, the strong 

influence of performance expectancy suggests that platforms should prioritize real-time 

information systems with high accuracy, seamless integration between transportation 

modes, unified payment systems reducing transaction friction, door-to-door journey 

planning capabilities, and clear demonstration of time and cost savings compared to 

existing options. 

The significant hedonic motivation effects indicate the importance of 

incorporating gamification elements to increase engagement, personalized 

recommendations based on travel patterns, social features that enhance the travel 

experience, reward systems for regular usage, and aesthetic and intuitive interface 

design. Service providers should also consider demographic-specific features, with 

female users requiring prioritized intuitive interfaces and comprehensive help systems, 

older users needing robust customer support and training programs, rural users 

benefiting from offline capabilities and alternative payment methods, and vehicle 

owners requiring emphasis on unique benefits not available through private vehicle 

ownership. 

For government and policymakers, the significant role of facilitating conditions, 

particularly for rural residents, suggests the need to prioritize digital infrastructure 

development in rural areas, ensure reliable mobile network coverage across all regions, 

develop standardized APIs for transportation service integration, and create supportive 

regulatory frameworks for data sharing between providers. Given the positive influence 

of privacy concerns and perceived risk, policymakers should establish comprehensive 
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data protection regulations specific to mobility services, mandate transparent privacy 

policies and user consent mechanisms, create certification programs for MaaS security 

standards, and develop clear guidelines for cross-border data sharing in integrated 

mobility systems. To address the negative social influence findings, governments 

should launch public awareness campaigns highlighting MaaS benefits, partner with 

influential community leaders and organizations, develop demonstration projects in 

high-visibility locations, and create incentive programs that make MaaS adoption 

socially attractive. 

Transportation planners should focus on integrated network design by designing 

transfer points to minimize friction between modes, implementing dynamic routing 

algorithms that optimize entire journeys, developing contingency plans for service 

disruptions across the network, and creating performance metrics that measure end-to-

end journey quality. The positive price sensitivity effects suggest implementing flexible 

pricing models combining subscription and pay-per-use options, developing targeted 

pricing for different demographic segments, creating transparent cost comparisons with 

private vehicle ownership, and considering subsidization programs for lower-income 

users. 

5.4  Implementation Roadmap 

Based on the research findings, a phased implementation approach is 

recommended to maximize the likelihood of successful MaaS deployment in Thailand. 

The foundation building phase should span the first twelve months and focus on 

establishing regulatory framework and data governance policies, developing core 

digital infrastructure and integration platforms, launching pilot projects in urban areas 

with high digital literacy, and beginning public awareness campaigns addressing social 

influence barriers. 

The service launch and expansion phase, covering months twelve through 

twenty-four, should involve deploying MaaS services in major urban centers, 

implementing demographic-specific features based on identified user profiles, 

establishing performance monitoring and continuous improvement systems, and 
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expanding infrastructure to suburban areas. The nationwide scaling phase, spanning 

months twenty-four through thirty-six, should extend services to rural areas with 

appropriate infrastructure support, develop specialized services for different user 

segments, implement advanced features based on usage data and feedback, and 

establish international connectivity for regional travel integration. 

5.5  Research Limitations and Future Directions 

5.5.1 Research Limitations 

Several important limitations should be acknowledged when interpreting these 

findings, as they may affect the generalizability and applicability of the results to 

broader populations and contexts. 

Methodological and Sampling Limitations: The online questionnaire 

methodology employed in this study inherently excluded populations with limited 

internet access or low digital literacy, particularly affecting representation from rural 

areas and lower socioeconomic groups. This limitation is compounded by the sample 

characteristics, where 65.1% of respondents held bachelor’s degrees and 82.1% had 

monthly incomes above the poverty line, creating an educated and relatively affluent 

sample that may not reflect the diversity of Thailand’s entire population.  

The overrepresentation of digitally literate and educated respondents may have 

positively biased attitudes toward technological solutions like MaaS, potentially 

overestimating adoption intentions across the general population. 

The cross-sectional nature of the study design represents another significant 

limitation, as it captures perceptions and intentions at a single point in time without 

allowing for conclusions about long-term behavioral changes or the stability of 

adoption factors over time. This temporal limitation is particularly relevant given that 

technology adoption is often a dynamic process influenced by evolving market 

conditions, technological improvements, and changing social norms. 

Contextual and Temporal Limitations: Data collection occurred during the early 

stages of MaaS implementation in Thailand, when public awareness remained limited 

and actual services were largely hypothetical. This timing may have affected 



95 

respondents’ perceptions and created challenges in evaluating realistic adoption 

scenarios. The study captured behavioral intentions rather than actual behavior, creating 

potential intention-behavior gaps that are common in technology adoption research. 

While the strong relationship between willingness to use and usage behavior (β = 0.656) 

suggests good predictive validity, actual adoption rates may differ from stated 

intentions when real services become available. 

Cultural and economic factors specific to Thailand may limit  

the generalizability of findings to other emerging markets, despite similar 

developmental stages. The unique aspects of Thai transportation culture, including the 

status associations with private vehicle ownership and specific mobility patterns, may 

not directly translate to other Southeast Asian contexts. 

Theoretical and Analytical Limitations: From a theoretical perspective, while 

the extended UTAUT2 model demonstrated strong explanatory power, other potentially 

relevant factors were not included in the analysis. Environmental consciousness, 

government policy support, technological readiness, and infrastructure quality may 

significantly influence MaaS adoption but were not systematically examined. The study 

focused primarily on individual-level factors without thoroughly examining 

organizational, institutional, or systemic influences that may affect adoption patterns at 

the societal level. 

The study’s reliance on self-reported data introduces potential social desirability 

bias, where respondents may have provided answers they perceived as socially 

acceptable rather than reflecting their true preferences. Additionally, the hypothetical 

nature of many MaaS-related questions may have led to responses based on incomplete 

understanding or unrealistic expectations about service characteristics. 

5.5.2 Future Research Directions 

Based on the limitations identified and the insights gained from this study, 

several promising directions for future research emerge that could significantly advance 

understanding of MaaS adoption in emerging markets. 

Longitudinal and Implementation Studies: Future research should prioritize 

longitudinal studies that track how adoption factors evolve as MaaS services become 

more established in Thailand. Such studies would provide invaluable insights into  

the dynamic nature of technology adoption, including changes in the relative 
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importance of different factors over time, the development of actual usage behaviors as 

services mature, and the evolution of social influence effects as MaaS becomes more 

familiar to the general population. Post-implementation studies examining real-world 

usage patterns after MaaS services are launched would help validate the predictive 

power of intention-based models and identify factors that influence the translation of 

intentions into actual behaviors. 

Enhanced Sampling and Demographic Representation: To address the sampling 

limitations identified in this study, future research should employ more comprehensive 

sampling strategies that ensure adequate representation from rural areas, lower-income 

populations, and groups with limited digital literacy. Mixed-method approaches 

combining online surveys with face-to-face interviews in underserved areas could 

provide more inclusive insights. Stratified sampling techniques ensuring proportional 

representation across different socioeconomic groups would enhance the 

generalizability of findings to Thailand’s diverse population. 

Comparative and Regional Studies: Conducting similar studies across other 

Southeast Asian countries would help identify regional variations in adoption factors, 

cultural similarities and differences affecting MaaS acceptance, and opportunities for 

regional integration of MaaS services. Such comparative research could reveal whether 

the culturally specific findings identified in Thailand, particularly the negative social 

influence effects, are consistent across similar contexts or represent unique cultural 

phenomena. 

Impact Assessment and Evaluation Research: Future studies should examine  

the environmental and economic impacts of MaaS implementation, providing evidence 

for policy decisions and investment strategies. Research analyzing the actual effects of 

MaaS on travel behavior, modal shift patterns, environmental outcomes, and economic 

benefits would complement adoption studies by demonstrating real-world impacts. 

Cost-benefit analyses examining the economic viability of different MaaS 

implementation strategies would provide valuable guidance for policymakers and 

service providers. 

Advanced Analytical and Methodological Approaches: Future research could 

employ more sophisticated analytical techniques, including advanced spatial analysis 

to better understand geographic variations in adoption patterns, network analysis to 
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examine social influence mechanisms more deeply, and machine learning approaches 

to identify complex interaction effects between demographic, behavioral, and 

contextual factors. Mixed-method approaches combining quantitative analysis with 

qualitative insights through interviews and focus groups could provide richer 

understanding of the underlying reasons for adoption decisions. 

Policy and Implementation Research: Research focusing on the policy and 

regulatory aspects of MaaS implementation would provide crucial insights for 

successful deployment. Studies examining the effectiveness of different policy 

interventions, regulatory frameworks, and public-private partnership models in 

promoting MaaS adoption would inform evidence-based policy development. 

Investigation of organizational and institutional factors affecting MaaS 

implementation, including stakeholder coordination, data sharing protocols, and service 

integration challenges, would complement individual-level adoption research. 

5.6  Conclusion 

This research has successfully addressed its three primary objectives, providing 

comprehensive insights into MaaS adoption factors in Thailand. The extended 

UTAUT2 framework proved effective in explaining adoption intentions and usage 

behavior, with particularly strong contributions from performance expectancy, habit, 

and hedonic motivation. The study revealed important cultural nuances, particularly the 

negative effect of social influence, and identified distinct user profiles requiring 

differentiated implementation strategies. The findings contribute significantly to both 

theoretical understanding and practical implementation of MaaS in emerging markets. 

From a theoretical perspective, the research extends technology acceptance theory by 

incorporating transportation-specific factors and revealing cultural variations in 

adoption patterns. From a practical standpoint, the research provides actionable insights 

for service providers, policymakers, and transportation planners developing MaaS 

implementations. 

The positive overall acceptance level toward MaaS, combined with strong 

explanatory power of the identified factors, suggests favorable prospects for MaaS 
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implementation in Thailand. However, success will require careful attention to  

the demographic variations identified, strategic addressing of the social influence 

challenges, and systematic development of supporting infrastructure and policies.  
As urban mobility challenges continue to grow in Thailand and similar emerging 

markets, understanding these adoption factors becomes increasingly critical for 

developing sustainable transportation solutions. This research provides a foundation for 

evidence-based MaaS implementation strategies that can contribute to more efficient, 

sustainable, and user-centered urban mobility systems. 

The research demonstrates that MaaS adoption in Thailand is not simply  

a matter of technology deployment but requires a nuanced understanding of user needs, 

cultural contexts, and demographic variations. By applying passenger logistics 

principles to transportation service design and considering the complex interplay of 

technological, social, and economic factors, stakeholders can develop more effective 

strategies for implementing integrated mobility solutions that truly serve the diverse 

needs of Thai commuters. 

5.7  Ethical Considerations 

This research was conducted following ethical standards for human participant 

studies. The study received approval from the Mae Fah Luang University Ethics 

Committee on Human Research (protocol number EC 23220-12, dated November 24, 

2023), with the certificate presented in Appendix A. All participants were informed 

about the study’s purpose, and their participation was entirely voluntary. Data 

confidentiality and anonymity were strictly maintained throughout the research process, 

with secure data management protocols implemented to protect participants’ 

information. 
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