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ABSTRACT
This study investigates the factors influencing the intention to adopt Artificial Intelligence (AI) technologies among small and medium-sized enterprises (SMEs) in the Food and Beverage (F&B) sector in Yangon, Myanmar. As global business environments increasingly embrace AI to enhance operational efficiency, SMEs in developing countries often face barriers related to cost, awareness, and digital capability. This research adopts the Technology Acceptance Model (TAM) as its foundational framework, integrating three key variables: Perceived Usefulness (PU), Perceived Ease of Use (PEOU), and Confidence in Digital Knowledge (CDK) to explore their impact on the intention to adopt AI.
Using a quantitative methodology, primary data were collected through structured questionnaires from 144 SME respondents operating in Yangon’s F&B sector. The findings reveal that PU has a strong and statistically significant positive effect on AI adoption intention, while CDK shows a marginally significant influence. PEOU, however, was not found to be a significant predictor in the presence of other variables. The study also identifies key challenges preventing AI adoption, including a lack of technical expertise and limited understanding of AI benefits. In contrast, respondents indicated that access to AI tools, affordable training, and peer knowledge-sharing networks are critical enablers of adoption.
The results underscore the importance of raising awareness, building digital confidence, and ensuring practical access to AI technologies for SMEs in developing contexts. The study concludes with strategic recommendations for policymakers, support organizations, and technology providers to foster a supportive ecosystem that empowers local SMEs to embrace AI and remain competitive in a rapidly evolving digital economy.
Keywords: Artificial Intelligence, SMEs, Technology Acceptance Model, Yangon, Food and Beverage Industry, Digital Knowledge, AI Adoption, Myanmar
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[bookmark: _Toc208855463]CHAPTER 1
[bookmark: _Toc208855464]INTRODUCTION

The rapid advancement of Artificial Intelligence (AI) has led to a profound transformation across industries, revolutionizing business operations, customer engagement, and decision-making processes. AI encompasses a broad range of technologies, including machine learning (ML), natural language processing (NLP), and computer vision, which enable machines to simulate human intelligence and automate complex tasks. The increasing availability of vast datasets and improvements in computational power have accelerated AI adoption globally, positioning it as a key driver of business innovation and efficiency.
For businesses, AI offers a multitude of benefits, such as enhancing productivity, optimizing resource utilization, and enabling data-driven decision-making. Large enterprises have successfully integrated AI into their operations, leveraging it for customer relationship management, supply chain optimization, and predictive analytics. However, small and medium-sized enterprises (SMEs) face unique challenges in adopting AI, often constrained by limited financial resources, technical expertise, and awareness.
Small and medium-sized enterprises (SMEs) play a crucial role in driving economic growth, fostering innovation, and generating employment opportunities. In Myanmar, SMEs constitute a significant portion of the business sector and contribute to national GDP. Unlike large corporations, SMEs are more adaptable and agile, allowing them to respond swiftly to market changes and consumer demands.
Despite their economic significance, SMEs in Myanmar encounter numerous challenges, particularly in technological adoption. Many businesses operate with limited access to capital, inadequate digital infrastructure, and a lack of specialized skills required to implement AI solutions effectively. As AI continues to shape competitive business landscapes worldwide, Myanmar’s SMEs must explore ways to integrate AI technologies into their operations to remain competitive and sustainable.
This study is undertaken to address the growing need to understand the specific factors that influence AI adoption intention among SMEs in Myanmar's Food and Beverage (F&B) sector. While global research has explored AI integration in SMEs extensively, local insights remain limited. Yangon, as the country’s commercial hub, presents a strategic context for examining how small business owners perceive and engage with emerging technologies. By applying the Technology Acceptance Model (TAM), this study seeks to explore whether perceived usefulness, perceived ease of use, and confidence in digital knowledge significantly impact the willingness of SME owners and managers to adopt AI in their operations.
The goal of this research is to contribute both theoretical and practical insights. Theoretically, it aims to expand the application of TAM by incorporating contextual variables relevant to developing economies. Practically, the study offers evidence-based recommendations for policymakers, business support organizations, and technology providers to develop targeted interventions that encourage AI adoption among SMEs. By identifying the barriers and motivators influencing AI integration, this research intends to support digital transformation in Myanmar’s SME sector, contributing to economic resilience and innovation in the post-digital economy.
[bookmark: _Toc204180652][bookmark: _Toc208855465]1.1 Problem Statement of the Study
Small and Medium Enterprises (SMEs) are essential contributors to Myanmar’s economy, representing a significant share of business activities, employment, and innovation. However, despite the transformative potential of Artificial Intelligence (AI) in enhancing efficiency and competitiveness, AI adoption among SMEs in Myanmar remains limited and under-researched. While global businesses have increasingly integrated AI-driven solutions to automate processes, optimize decision-making, and improve customer interactions, SMEs in developing countries face unique barriers to AI adoption.
One of the key challenges is the lack of awareness and understanding of AI’s business value. Many small business owners in Myanmar’s Food and Beverage (F&B) industry are unfamiliar with how AI can streamline operations, enhance customer service, or optimize supply chain management. This knowledge gap leads to hesitancy and skepticism regarding AI’s practicality and return on investment.
Additionally, financial constraints pose a significant hurdle. Unlike large corporations with dedicated budgets for technological advancements, SMEs often operate with limited capital and resources, making AI adoption a perceived high-cost investment. The availability of affordable AI solutions tailored to the needs of SMEs remains low, further discouraging adoption.
Moreover, technical and digital skill gaps among SME owners and employees create another major challenge. AI-powered systems require a basic level of technological literacy to implement and operate effectively. However, many SMEs lack in-house technical expertise, leading to fears of complex integration, maintenance difficulties, and the risk of technology dependency without adequate support.
Furthermore, external factors such as Myanmar’s regulatory environment, infrastructure limitations, and lack of digital transformation incentives also influence AI adoption. Unlike in more developed economies where governments actively promote AI integration through funding, policy support, and training programs, Myanmar’s SME sector has received limited formal assistance in adopting AI-based solutions.
Given these challenges, this study aims to explore the key factors influencing the intention of SMEs in Yangon’s F&B industry to adopt AI. By understanding how perceived usefulness, perceived ease of use, and confidence in digital knowledge impact AI adoption, the research seeks to provide practical insights and strategic recommendations for SMEs, policymakers, and technology providers.
[bookmark: _Toc204180653][bookmark: _Toc208855466]1.2 Research Objectives
· To examine the impact of perceived usefulness of AI in business operations on the intention to adopt AI-based technologies among SMEs in the Food & Beverage industry in Yangon.
· To investigate how the perceived ease of use of AI-based technologies influences the intention to use AI in business operations among SMEs in the Food & Beverage industry in Yangon.
· To analyze the relationship between confidence in self’s digital knowledge and the intention to adopt AI in business operations among SMEs in the Food & Beverage industry in Yangon.
· To explore strategies and recommendations for enhancing AI adoption in business operations among SMEs in the Food & Beverage industry in Yangon.
[bookmark: _Toc204180654][bookmark: _Toc208855467]1.3 Research Questions
· How does the perceived usefulness of AI in business operations influence the intention to adopt AI-based technologies among SMEs in the Food & Beverage industry in Yangon?
· What is the relationship between the perceived ease of use of AI-based technologies and the intention to use AI in business operations among SMEs in the Food & Beverage industry in Yangon?
· How does confidence in self’s digital knowledge affect the intention to adopt AI in business operations among SMEs in the Food & Beverage industry in Yangon?
· What strategies and recommendations can be proposed to enhance AI adoption in business operations among SMEs in the Food & Beverage industry in Yangon?
[bookmark: _Toc204180655][bookmark: _Toc208855468]1.4 Scope of the Study
This study focuses on SMEs in the Food and Beverage (F&B) industry headquartered in Yangon, Myanmar. While AI adoption is a global phenomenon, this research narrows its scope to Yangon-based SMEs due to practical constraints such as time, accessibility, and financial resources. Yangon serves as a key business hub in Myanmar, housing a significant portion of SMEs operating in the F&B sector, making it an ideal location for this research.
The study investigates three key factors influencing AI adoption:
Perceived Usefulness of AI – The extent to which SME owners believe AI will improve their business operations.
Perceived Ease of Use of AI Technologies – How SME owners perceive AI in terms of simplicity and accessibility.
Confidence in Digital Knowledge – How SME owners' self-assessed digital and technological skills affect their intention to adopt AI.
This research is limited to the Food and Beverage industry, as AI adoption trends may vary across different industries. Insights from this study may be applicable to other SME sectors but will primarily reflect the unique challenges and opportunities faced by small F&B businesses in Yangon.
The study adopts a quantitative approach using surveys to collect data from at least 144 SME respondents in Yangon’s F&B industry. Given the constraints, the study does not conduct qualitative interviews or in-depth case studies but focuses on statistical analysis to identify patterns and correlations.
[bookmark: _Toc204180656][bookmark: _Toc208855469]1.5 Significance of the Study
The adoption of Artificial Intelligence (AI) presents a transformative opportunity for small and medium-sized enterprises (SMEs) in Myanmar’s Food and Beverage (F&B) industry, allowing them to enhance productivity, optimize decision-making, and improve customer engagement. However, given the various financial, technical, and knowledge-related barriers, AI adoption among SMEs in Myanmar remains low.
This study is significant as it aims to fill the research gap on AI adoption intentions among SMEs in developing economies, particularly in Myanmar. While studies on AI adoption exist globally, limited research has focused on the unique challenges faced by SMEs in Myanmar’s F&B sector. By analyzing perceived usefulness, perceived ease of use, and confidence in digital knowledge, this research will provide valuable insights for SME owners, technology providers, and policymakers.
Findings from this study will help:
· SME owners understand how AI can benefit their businesses and what factors influence its adoption.
· Technology providers and AI developers identify the needs and concerns of SMEs, allowing them to create more tailored, user-friendly AI solutions.
· Government agencies and policymakers design policies, funding programs, and training initiatives to accelerate digital transformation in Myanmar’s SME sector.
Ultimately, this research will contribute to closing the digital divide and ensuring that SMEs in Myanmar can leverage AI to remain competitive in an increasingly technology-driven business environment.
[bookmark: _Toc204180657][bookmark: _Toc208855470]1.6 Structure of the Thesis
This thesis is structured as follows:
Chapter 1: Introduction – This chapter introduces the background and importance of Artificial Intelligence (AI) in business operations, outlines the role and challenges of SMEs in Myanmar, presents the problem statement, and defines the research objectives, research questions, scope, and significance of the study.
Chapter 2: Literature Review – This chapter reviews theoretical and empirical studies related to AI adoption in SMEs, focusing on the Technology Acceptance Model (TAM) as the primary framework. It also identifies the study variables and presents the conceptual framework guiding the research.
Chapter 3: Research Methodology – This chapter details the research design, data collection methods, sampling procedures, and analytical techniques used in the study, including reliability testing, descriptive statistics, and regression analysis.
Chapter 4: Data Analysis and Findings – This chapter presents the results of the survey conducted among SMEs in the food and beverage sector in Yangon. It includes descriptive analysis, reliability testing of scale items, and regression analysis to examine the impact of perceived usefulness, perceived ease of use, and digital confidence on the intention to adopt AI.
Chapter 5: Discussion, Recommendations, and Conclusion – The final chapter discusses the key findings in relation to the literature, provides practical recommendations for SME owners, policymakers, and support organizations, and concludes the thesis by summarizing major contributions, implications, and areas for future research.




[bookmark: _Toc204180658][bookmark: _Toc208855471]CHAPTER 2
[bookmark: _Toc208855472]LITERATURE REVIEW

This chapter reviewed theoretical and empirical literature related to AI adoption in SMEs, using TAM as a guiding framework. It highlights perceived usefulness, perceived ease of use, and digital confidence as critical determinants in technology adoption decisions among SMEs. Significant barriers exist for Myanmar SMEs, including financial limitations, lack of expertise, infrastructure inadequacies, and limited digital awareness. Addressing these barriers is crucial to enable SMEs, particularly in the Food and Beverage industry, to leverage AI effectively, providing a foundation for empirical research detailed in the subsequent chapters.
[bookmark: _Toc208855473]2.1 Introduction and Importance of Small Business Management
Small and Medium-sized Enterprises (SMEs) form the backbone of many national economies, particularly in developing countries where they often constitute over 90% of registered businesses and generate substantial employment (OECD, 2021). In Myanmar specifically, SMEs represent approximately 99% of all enterprises and provide employment for about 70% of the workforce (Charltons, 2021). Their contributions to economic resilience, local entrepreneurship, and innovation make them central to both policy and academic debates. Despite their prominence, SMEs frequently lack the financial capital, technical capacity, and institutional support necessary for sustainable growth—resources that are more readily accessible to larger firms. This section explores the core themes that influence SME performance, with a particular focus on management practices, technology adoption, digital transformation, and the growing role of Artificial Intelligence (AI).
From a management standpoint, SMEs operate within highly dynamic and often volatile environments. Unlike large firms with formalized structures and long-term strategic planning, SMEs in developing economies like Myanmar are usually characterized by informal operations and owner-centric decision-making. This governance style offers flexibility but limits their ability to implement structured planning and technological investment. Effective small business management requires not only operational and financial efficiency but also a willingness to adapt, learn, and innovate. These qualities are particularly essential in the digital era, where competitive advantage increasingly depends on the strategic use of technology.
A fundamental component of modern small business management is the adoption of digital technologies. Technology adoption in SMEs is shaped by a mix of organizational, technological, and environmental factors. Larger firms often enjoy the advantage of having dedicated IT departments, robust digital infrastructure, and long-term budgets for innovation. In contrast, SMEs are typically constrained by limited expertise, fewer financial resources, and short planning horizons, making them less likely to adopt new technologies like AI (Alshamaila et al., 2013). In Myanmar, these challenges are magnified by broader issues such as limited internet access in rural areas, low digital literacy, and political instability.
The Technology Acceptance Model (TAM), developed by Davis (1989), is widely used to understand how and why individuals within organizations decide to adopt new technologies. TAM focuses on two key constructs: perceived usefulness and perceived ease of use. These help explain why even accessible or low-cost technologies are often underutilized by SMEs. When business owners perceive digital tools as valuable and user-friendly, their likelihood of adoption increases significantly (Dwivedi et al., 2019). However, in SME environments, especially in developing countries. Other factors such as psychological readiness and digital confidence also play a crucial role. This study extends the TAM framework by incorporating Confidence in Digital Knowledge (CDK), a concept that captures an individual’s belief in their ability to understand and use digital tools effectively.
In the context of SMEs, CDK is especially significant because decision-making is usually centralized. When business owners or senior managers lack digital confidence, they are more likely to avoid investment in unfamiliar or advanced technologies, even when such technologies could offer significant returns. On the other hand, SMEs with digitally confident leaders often demonstrate greater openness to experimenting with new solutions and embracing innovation. CDK is particularly relevant in Myanmar, where the level of exposure to digital technologies is uneven across regions and industries. Integrating CDK into the TAM framework allows for a more nuanced understanding of the barriers that hinder SME technology adoption in resource-constrained environments.

Beyond individual technologies, the broader process of digital transformation has emerged as a key area within small business management. Digital transformation refers to the comprehensive integration of digital technologies into all aspects of a business’s operations. It includes changes to internal processes, customer engagement, supply chain coordination, and data analytics. In developing economies, digital tools hold the promise of leapfrogging traditional growth limitations by enabling real-time decision-making, expanding market reach, and reducing transaction costs (UNCTAD, 2021). However, SMEs often face substantial barriers to transformation, including poor infrastructure, low IT capabilities, and a lack of policy incentives.
In Myanmar, while mobile phone penetration is relatively high, digital literacy remains low and access to enterprise-level digital platforms is limited (ASEAN Secretariat, 2020). These challenges are further exacerbated by unstable political conditions and underinvestment in digital infrastructure. For digital transformation to take root in such environments, SMEs require targeted support including digital training, subsidized access to technology, and the development of local innovation hubs. By focusing on SMEs in the Myanmar Food and Beverage (F&B) sector, this research aims to identify the country-specific enablers and obstacles that shape the pace and success of digital transformation.
An increasingly important dimension of digital transformation is the adoption of Artificial Intelligence (AI). AI technologies, such as machine learning, natural language processing, and predictive analytics, offer the potential to automate business processes, improve decision-making, and enhance customer engagement (Russell & Norvig, 2021). Globally, AI adoption has led to measurable gains in revenue, particularly in areas like marketing, logistics, and product development. According to McKinsey & Company (2019), 63% of businesses that have adopted AI report increased revenues, with benefits most noticeable in marketing and supply chain efficiency.
Despite these opportunities, SMEs, especially those in developing economies, are significantly lagging in AI adoption. Barriers include the high cost of implementation, limited technical expertise, and insufficient supporting infrastructure (OECD, 2021). In Myanmar, these challenges are even more acute. Many SMEs rely on outdated technology and often lack even the basic digital competencies needed to deploy AI tools. Furthermore, low awareness of AI’s potential value and the absence of enabling policies contribute to the slow uptake of intelligent systems. This gap reflects a broader digital divide, both between large and small firms and between developed and developing regions.
Nevertheless, the strategic application of AI in SMEs holds transformative potential. By automating routine tasks, AI can free up time and resources for innovation and strategic planning. Predictive analytics can help SMEs anticipate market trends, optimize inventory, and personalize customer experiences, functions that are especially valuable in competitive sectors like F&B. Importantly, AI adoption also intersects with the earlier discussed concept of digital confidence. Business leaders who feel competent in navigating digital tools are more likely to recognize AI’s potential and invest in its implementation, even in challenging environments.
In summary, the introduction and management of technology, including AI, cannot be viewed in isolation within small businesses. Instead, it must be understood as an integrated component of small business management, shaped by contextual variables such as digital literacy, infrastructure, leadership style, and institutional support. The case of SMEs in Myanmar’s F&B sector exemplifies how these factors converge in a developing economy, influencing the pace and effectiveness of digital transformation. By focusing on technology adoption through the lens of small business management, this research offers both theoretical insights and practical recommendations for improving SME resilience and innovation capacity in digitally evolving economies.
[bookmark: _Toc204180660][bookmark: _Toc208855474]2.2 Technology Acceptance Model (TAM)
[bookmark: _Hlk204405078]The Technology Acceptance Model (TAM), originally proposed by Fred Davis in 1986 and later formalized in 1989, is one of the most influential and extensively used models for predicting and explaining user behavior toward technology adoption (Davis, 1989). The model was adapted from the Theory of Reasoned Action (TRA), developed by Fishbein & Ajzen (1975), which posits that individual behavior is driven by behavioral intentions shaped by attitudes and subjective norms. TAM modifies this framework specifically for information technology contexts by introducing two key constructs: Perceived Usefulness (PU) and Perceived Ease of Use (PEOU).
Perceived Usefulness (PU) is a core construct within the Technology Acceptance Model (TAM), originally developed by Davis (1989). It is defined as the degree to which an individual believes that using a particular technology or system will enhance their job performance. In the context of business environments, this means users are more likely to adopt a system if they believe it will help them work more efficiently, increase productivity, improve accuracy, or support better decision-making.
PU emphasizes the instrumental value of technology—how well it contributes to achieving organizational tasks and personal work goals. For example, in small and medium-sized enterprises (SMEs), AI tools perceived as useful might support streamlined inventory tracking, automated customer service, or predictive analytics, thereby enabling business owners and managers to achieve faster and more informed outcomes (Venkatesh & Davis, 2000). The stronger the perception of usefulness, the more likely users are to tolerate initial challenges in learning or implementing the system.
Furthermore, empirical studies have confirmed that PU has a significant impact on users’ behavioral intention to use technology (Venkatesh & Bala, 2008). This makes it a critical factor for technology developers and business leaders aiming to promote digital adoption, especially in resource-constrained environments such as SMEs in developing countries.
Perceived Ease of Use (PEOU), another fundamental component of the TAM framework, refers to the degree to which an individual believes that using a particular system will be free of effort (Davis, 1989). This construct captures a user's perception of the complexity, learnability, and usability of a technology. If a system is perceived as intuitive, requiring minimal training or technical skill, individuals are more likely to accept and adopt it.
PEOU plays a crucial role in shaping users’ initial attitudes toward new technologies. Even if a system is perceived as highly useful, complex interfaces or difficult onboarding processes may deter adoption. For SMEs in developing contexts like Myanmar, where many business owners and staff may lack advanced technical backgrounds, the simplicity and accessibility of AI tools can determine the success of adoption efforts (Oliveira & Martins, 2011).
Ease of use also influences perceived usefulness—technologies that are easy to operate are often seen as more beneficial because they can be quickly integrated into daily operations without disrupting workflow. According to Venkatesh and Davis (2000), PEOU indirectly affects behavioral intention through its impact on PU, reinforcing its significance in system design and training initiatives.
Organizations aiming to encourage AI adoption must therefore not only highlight the benefits of AI tools but also ensure that these tools are user-friendly and supported with adequate training and technical assistance. The Figure 2.1 below illustrates the original Technology Acceptance Model (TAM) as proposed by Davis (1989).
Figure (2.1) Technology Acceptance Model
[image: Technology Acceptance Model (Davis, 1989) | Download Scientific Diagram]Source: Davis (1989)
TAM has been widely validated and applied across various domains, including healthcare, education, finance, and business management. In the context of Small and Medium-sized Enterprises (SMEs), TAM is especially relevant because it offers a practical lens to understand the factors driving or hindering technology adoption where resources and technical expertise are limited.
Numerous empirical studies have validated the effectiveness of TAM in predicting SME adoption behavior for a wide range of digital technologies, such as mobile business applications, AI-based customer service tools, and digital payment systems. For instance, Dwivedi et al. (2019) highlighted TAM’s applicability in the context of digital innovation adoption.
For instance, in SMEs adopting AI, PU may be interpreted as the degree to which AI tools are perceived to improve decision-making, streamline operations, or enhance customer service, while PEOU reflects whether these tools are seen as manageable and intuitive, especially for businesses without dedicated IT teams.
Moreover, TAM is often integrated with other models such as the Technology-Organization-Environment (TOE) framework or Unified Theory of Acceptance and Use of Technology (UTAUT) to provide a more comprehensive understanding of technology acceptance in organizational settings. However, TAM’s simplicity and clarity continue to make it a popular choice for researchers studying SME technology behavior, particularly in developing economies where contextual variables (like digital literacy and infrastructure) are critical.
In this study, TAM provides the foundational theoretical framework to analyze AI adoption among SMEs in the F&B sector in Yangon, focusing specifically on how PU and PEOU influence the intention to adopt AI, alongside an additional construct: digital confidence.
[bookmark: _Toc204180661][bookmark: _Toc208855475]2.3 Variables of the Study
This study is structured around the Technology Acceptance Model (TAM) with an extension to include confidence in digital knowledge as a third predictor. The core objective is to understand how SMEs in the Food and Beverage (F&B) industry in Yangon perceive and intend to adopt AI-based technologies. The variables are divided into dependent and independent categories, as explained below.
[bookmark: _Toc204180662][bookmark: _Toc208855476]2.3.1 Dependent Variables
Intention to Use AI (INT): The intention to use Artificial Intelligence (AI) represents the dependent variable in this study. It refers to the degree to which SME owners or decision-makers plan or are willing to adopt AI-based tools or systems in their business operations. According to Davis (Davis, 1989), behavioral intention is a key predictor of actual technology usage. In the SME context, this includes intentions to use AI for functions such as customer service (e.g., chatbots), supply chain optimization, inventory management, sales forecasting, and marketing automation.
Intention to use AI is influenced by cognitive beliefs about the technology's value and usability, and it has been widely adopted in TAM-based studies Venkatesh & Davis (2000). In this research, it serves as the primary outcome to evaluate the adoption behavior of SME owners and managers in Yangon. 
[bookmark: _Toc204180663][bookmark: _Toc208855477]2.3.2 Independent Variables
Perceived Usefulness (PU): Perceived usefulness is defined as the extent to which an individual believes that using AI will enhance their business performance (Davis, 1989). In the context of SMEs, this could involve improved efficiency, cost savings, better decision-making, or improved customer service. PU is a core construct in TAM and has consistently shown a strong and significant influence on the intention to adopt new technologies (Alshamaila, Papagiannidis, & Li, 2013). In this study, PU is measured by assessing the degree to which respondents believe AI can positively impact their F&B operations.
Perceived Ease of Use (PEOU): Perceived ease of use refers to the degree to which a person believes that using AI will be free of effort (Davis, 1989). For SMEs with limited technical expertise, ease of use is a critical factor that determines whether a new system will be accepted or rejected. If AI tools are perceived as complicated or require specialized skills, SMEs may be discouraged from adopting them. PEOU has been shown to indirectly influence behavioral intention by shaping perceptions of usefulness and reducing cognitive resistance to adoption (Venkatesh & Bala, 2008; Oliveira & Martins, 2011).
Confidence in Digital Knowledge (CDK): Confidence in digital knowledge, also known as digital self-efficacy, refers to an individual's belief in their ability to successfully engage with and use digital technologies, including AI systems (Bandura, 1997). In the context of SMEs, especially in resource-constrained environments, this personal confidence plays a critical role in influencing whether decision-makers perceive new technologies as approachable and beneficial. According to Hatlevik et al. (2018), individuals with higher digital self-efficacy are more likely to explore and utilize digital tools effectively, which is essential for digital transformation.
Recent studies show that digital self-efficacy has become a key focus in studies exploring technology adoption among SMEs. Research by Liébana-Cabanillas, Marinković, and Kalinić (2017) demonstrated that individuals with strong digital confidence were significantly more inclined to adopt mobile-based technologies, which aligns with broader digital transformation trends. Likewise, Wamba and Carter (2014) found that self-efficacy significantly influences the adoption of digital innovation, especially in smaller firms where the digital skills of leaders are critical. For SMEs in developing countries, where access to technical infrastructure and formal training is often limited, the confidence of owners and employees in using digital tools becomes a decisive factor. Including this variable in the study framework offers a more comprehensive understanding of AI adoption in Yangon’s F&B SMEs by incorporating both technological and human-centered adoption drivers.
[bookmark: _Toc204180664][bookmark: _Toc208855478]2.4 Review of Empirical Studies
This section presents a detailed review of empirical studies that have applied the Technology Acceptance Model (TAM) to investigate Artificial Intelligence (AI) adoption within Small and Medium-sized Enterprises (SMEs). Drawing from recent international research, the studies discussed span a variety of sectors, including marketing, hospitality, construction, and general business operations, and incorporate both classical TAM variables and SME-specific contextual factors such as digital competence, entrepreneurial orientation, and external pressures.
i) Enshassi et al. (2025): Unveiling Barriers and Drivers of AI Adoption for Digital Marketing in Malaysian SMEs
In a study focusing on Malaysian SMEs, Enshassi et al. applied Partial Least Squares Structural Equation Modeling (PLS-SEM) to examine the adoption of AI in digital marketing. The findings showed that perceived usefulness (PU) was the strongest predictor of AI adoption intention, while perceived ease of use (PEOU) had a weaker but still significant influence. The study also identified several perceived barriers, including cost and skill gaps, that moderated the relationship between TAM variables and adoption behavior. This research highlights the importance of demonstrating clear business value to encourage AI integration among SMEs.
ii) Erraoui & Amine (2024): Proposal of a Technology Acceptance Model: Adoption of Artificial Intelligence in Moroccan SMEs 
Erraoui and Amine conducted a TAM-based study on AI adoption in Moroccan SMEs, incorporating variables such as technical understanding and perceived barriers. Using SEM, they found that both PU and PEOU had significant positive effects on the intention to adopt AI. This study extended the TAM by integrating SME-specific adoption challenges such as limited expertise and resistance to change, providing a more contextualized framework for understanding AI integration in developing markets.
iii) Na et al. (2023): Artificial Intelligence (AI)-Based Technology Adoption in the Construction Industry: A Cross National Perspective Using the Technology Acceptance Model
Na and colleagues compared AI technology adoption across construction SMEs in South Korea and the United Kingdom. Their SEM-based model included PU, PEOU, and personal competence. Results indicated that PU was the strongest predictor of user satisfaction and intention to continue using AI. Interestingly, the study found that national culture and individual competence played important roles in shaping adoption outcomes, suggesting that TAM applications should consider cross-cultural differences and workforce readiness.
iv) Kukanja (2024): Examining the Impact of Entrepreneurial Orientation, Self-Efficacy, and Perceived Business Performance on Managers’ Attitudes Towards AI and Its Adoption in Hospitality SMEs
In the hospitality sector, Kukanja applied TAM alongside Entrepreneurial Orientation (EO) to assess AI adoption in Slovenian SMEs. The study found that attitude toward technology, a central TAM construct, was the most powerful predictor of intention to adopt AI. Additionally, digital self-efficacy and entrepreneurial traits had indirect effects on behavioral intention, reinforcing the importance of psychological and cultural factors in the SME context.
v) Ibrahim et al. (2025): The Technology Acceptance Model and Adopter Type Analysis in the context of Artificial Intelligence
This study explored broader societal adoption of AI in Germany, integrating TAM with psychological constructs such as personality traits and AI mindset. Findings revealed that PU had the strongest impact on attitudes toward AI, while openness to experience and a proactive AI mindset significantly influenced the intention to adopt. Although not SME-specific, this study provides insight into how individual-level cognitive and emotional variables interact with TAM constructs in AI adoption.
vi) Chooprayoon et al. (2007): TECTAM, A Modified Technology Acceptance Model to assess E-commerce Technologies Adoption by Thai SME
Although focused on e-commerce rather than AI, this study introduced the Technology-Enhanced TAM (TECTAM) in Thai SMEs. The researchers adapted the TAM framework to better reflect SME-specific realities, incorporating external influences such as vendor support and government policy. PU and external factors were found to be major determinants of technology adoption. This approach underscores the value of modifying TAM to accommodate SME environments, particularly in developing countries.
vii) Nurqamarani et al. (2021): Technology Adoption in Small-Medium Enterprises Based on Technology Acceptance Model: A Critical Review
Nurqamarani and colleagues conducted a critical review of 21 empirical studies on technology adoption in SMEs using TAM. Their findings showed that PU and PEOU were consistently the most influential factors across different sectors and regions. However, the authors argued that classical TAM alone may be insufficient for SME contexts, advocating for extensions that include variables like digital readiness, trust, and organizational culture.
Summary
The reviewed studies collectively demonstrate the versatility and reliability of TAM in examining AI adoption among SMEs. While PU and PEOU remain foundational constructs, other factors such as digital confidence, entrepreneurial mindset, technical barriers, and contextual influences play crucial roles. The research also illustrates that hybrid or extended models, such as those integrating ANN, EO, or TOE, can improve predictive accuracy and relevance. These insights directly inform this study’s approach, which focuses on the role of PU, PEOU, and confidence in digital knowledge in shaping AI adoption among Yangon’s F&B SMEs.
[bookmark: _Toc204180665][bookmark: _Toc208855479]2.5 Conceptual Framework of the Study
This conceptual model illustrates the relationships among the variables identified in the study. It visually represents the factors influencing AI adoption among SMEs in Yangon’s food and beverage industry. The conceptual model for this study is adapted from the Technology Acceptance Model (TAM), which is widely used to examine factors influencing the acceptance and adoption of technologies (Marikyan & Papagiannidis, 2024). This model evaluates users' attitudes toward technology based on perceived usefulness and ease of use, which ultimately influence their behavioral intention. Conceptual framework of the study is depicted in the following Figure (2.2).
Figure (2.2) Conceptual Framework of the Study

[image: A diagram of a business process

AI-generated content may be incorrect.]
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CHAPTER 3
[bookmark: _Toc208855480]RESEARCH METHODOLOGIES

This chapter elaborates on the methodology employed to address the research objectives, detailing the research approach, design, sampling strategy, data collection procedures, and analytical methods. It also covers instrument reliability, statistical techniques applied, and ethical considerations. The chapter ensures clarity, transparency, and replicability, allowing other researchers to understand the basis of the findings and conclusions presented in this study.
[bookmark: _Toc204180667][bookmark: _Toc208855481]3.1 Research Methods
Research methods are systematic and strategic processes used to gather, interpret, and analyze data with the purpose of expanding knowledge, testing theories, or developing new insights (Creswell, 2014). These methods are typically classified as qualitative, quantitative, and mixed-methods. Qualitative research emphasizes exploratory analysis through subjective interpretations of participants' perceptions, while quantitative research focuses on numerical data collection and objective analysis to test hypotheses. Mixed-methods research integrates both approaches to offer more comprehensive perspectives.
In this study, the quantitative method was chosen as it is particularly suitable for examining relationships among clearly defined variables using structured data collection methods and statistical analysis (Bryman, 2015). Quantitative methods provide empirical validation and statistical clarity, essential in exploring the relationships between perceived usefulness (PU), perceived ease of use (PEOU), confidence in digital knowledge (CDK), and SMEs' intention to adopt AI. Guided by the Technology Acceptance Model (TAM), this approach effectively captures numerical measures and statistical relationships relevant to SMEs’ adoption behavior.
Although qualitative methods, such as focus groups or interviews, are often valuable in exploratory research, this study exclusively utilized quantitative methods to maintain consistency and enable rigorous hypothesis testing. A brief exploratory focus group was conducted informally during the instrument development phase to ensure questions were relevant and clearly phrased, but this was not incorporated into the formal data collection or analysis.
[bookmark: _Toc204180668][bookmark: _Toc208855482]3.2 Research Design
Research design encompasses the framework used for systematically collecting, analyzing, and interpreting data relevant to the research objectives (Selltiz, Wrightsman, & Cook, 1965). Effective research design connects empirical evidence logically to research questions and conclusions. Descriptive and correlational research designs were employed in this study, fitting within the quantitative research paradigm.
The descriptive aspect of the study provides detailed insights into the current perceptions and readiness levels regarding AI adoption among SMEs in Yangon’s Food and Beverage (F&B) sector. Descriptive statistics offer clarity about the distribution, central tendencies, and variation within the collected data, ensuring a comprehensive depiction of SMEs' views.
The correlational design evaluates the strength and direction of the relationships between variables, specifically the relationships between perceived usefulness (PU), perceived ease of use (PEOU), confidence in digital knowledge (CDK), and intention to adopt AI. Correlational analysis and regression analysis were utilized to quantify and statistically validate these relationships.
The research population consists of small enterprises within Yangon’s F&B sector. According to Myanmar’s SME Law, small enterprises are businesses with capital ranging from MMK 50 to 500 million or employing between 30 and 300 employees (Charlton Myanmar, 2023). Yangon was selected due to its concentration of SMEs, representing the economic diversity and technological readiness in Myanmar’s largest urban business environment. Current estimates indicate approximately 3,199 small enterprises in the Yangon F&B sector (ASEAN Access, 2019; Department of Micro, Small, and Medium Enterprises Development, 2024).
A total sample size of 144 respondents was determined using the known-population sampling formula, with a 95% confidence interval and 8% margin of error, balancing statistical precision and practical feasibility. Convenience sampling was employed, as it provides practical advantages and efficient access to participants through local SME networks and business associations. Although convenience sampling may introduce selection bias, it was deemed acceptable for this exploratory context, facilitating data collection from SMEs who were readily available and willing to participate. The calculation for sample size is as follows:
n = [z2 * p * (1 - p) / e2] / [1 + (z2 * p * (1 - p) / (e2 * N))]
Where: 
z = 1.96 for a confidence level (α) of 95% 
p = proportion (expressed as a decimal)
N = population size
e = margin of error.
Calculations
z = 1.96, p = 0.5, N = 3199, e = 0.08
n = [1.962 * 0.5 * (1 - 0.5) / 0.082] / [1 + (1.962 * 0.5 * (1 - 0.5) / (0.082 * 3199))]
n = 150.0625 / 1.0469 = 143.339
n ≈ 144
[bookmark: _Toc204180669][bookmark: _Toc208855483]3.3 Questionnaire Development 
To explore the factors influencing AI adoption among SMEs in the food and beverage (F&B) sector in Yangon, a structured questionnaire was developed as the primary data collection tool. The questionnaire was designed based on the Technology Acceptance Model (TAM) (Davis, 1989) and its extensions, as well as recent studies on digital readiness and SME innovation (Venkatesh & Bala, 2008; Wamba & Carter, 2014). The instrument consisted of both close-ended and multiple-response questions, divided into eight major sections, comprising a total of 34 items.
Section 1: Business Profile of Respondents (3 questions)
This section collected general business-related information, including the type of business, number of employees, and the respondent’s role within the business. The goal was to capture key contextual data relevant to the size, scope, and structure of the SME, which could influence its digital capabilities and decision-making.
Section 2: Awareness and Perception of AI (4 questions)
This section assessed respondents’ familiarity with AI and the extent of their exposure to AI-related tools and knowledge. It included multiple-response questions on sources of information and AI technologies heard of, along with one Likert-scale item measuring self-reported AI familiarity. This provided insight into baseline awareness levels across the sample.
Section 3: Perceived Usefulness of AI (6 items)
Adapted from the original TAM construct (Davis, 1989), this section measured respondents' beliefs regarding the potential benefits of AI in business operations. Items addressed areas such as operational efficiency, customer service, decision-making, and competitiveness, using a 5-point Likert scale from Strongly Disagree (1) to Strongly Agree (5).
Section 4: Perceived Ease of Use of AI (4 items)
This section measured respondents’ perceptions of how easy it would be to implement and use AI technologies in their businesses. Questions evaluated factors like infrastructure readiness, integration ease, and learning curves, also using a 5-point Likert scale. These items help identify technical or psychological barriers to adoption.
Section 5: Confidence in Digital Knowledge (4 items)
This section assessed respondents’ self-efficacy and digital literacy, along with perceptions of their employees’ readiness. The items measured confidence in using digital tools, openness to learning, and understanding of AI applications. These factors are particularly important in the SME context, where resources for digital training may be limited.
Section 6: Intention to Use AI (7 items)
This section aimed to measure behavioral intention toward future AI adoption. It captured willingness to invest time and money, openness to training, and likelihood of implementing AI tools within the next one to two years. This section provides a predictive outlook on how SMEs may act in the near future regarding digital transformation.
Section 7: Demographic Information (3 questions)
This section included basic demographic questions related to age, education level, and gender. These variables help in analyzing any demographic patterns that may influence AI awareness, confidence, or adoption readiness.
Section 8: Barriers and Support for AI Adoption (3 questions)
This final section explored external and internal challenges to AI adoption, such as cost, lack of expertise, or employee resistance. Respondents were also asked whether they believe there is sufficient institutional support for digital transformation and what forms of support they would find most beneficial. Multiple-response options and open-ended inputs were used to gather qualitative insights alongside quantitative data.
The questionnaire was pilot-tested with a small group of F&B business owners and refined based on their feedback to improve clarity and relevance. The final survey was administered in Burmese to ensure accessibility for a diverse group of respondents.
[bookmark: _Toc208855484]3.4 Data Collection Method
Primary data were collected through a structured questionnaire administered via an online platform (Google Forms). The questionnaire was segmented into demographic information, general AI awareness, and sections specifically designed around the constructs derived from the Technology Acceptance Model (TAM): perceived usefulness, perceived ease of use, confidence in digital knowledge, and intention to adopt AI.
The questionnaire employed a standardized 5-point Likert scale (1 = Strongly Disagree, 5 = Strongly Agree), ensuring uniformity and ease of analysis (Sekaran & Bougie, 2016). Prior to widespread dissemination, the questionnaire was piloted with 5 SMEs to evaluate clarity, appropriateness, and ease of comprehension. Pilot testing provided valuable insights, prompting minor revisions for clarity and contextual appropriateness.
The questionnaire was also translated into Myanmar language to improve respondent accessibility and ensure precise understanding. To achieve a satisfactory response rate, repeated follow-ups through emails and telephone calls were conducted during a three-week collection period. Secondary data from industry reports, government publications, and scholarly articles supplemented the primary data to contextualize and validate the findings further.
[bookmark: _Toc204180670][bookmark: _Toc208855485]3.5 Data Analysis Method
Data analysis involved a structured statistical approach using Statistical Package for the Social Sciences (SPSS). SPSS was selected due to its robust analytical capabilities and widespread use in social science research.
The analytical procedure included several stages:
· Data cleaning and coding.
· Reliability testing via Cronbach’s Alpha.
· Descriptive statistics for summarizing demographic data and construct responses.
· Correlation analysis to measure strength and direction of variable relationships.
· Multiple linear regression to determine the predictive strength of PU, PEOU, and CDK on intention to adopt AI.

[bookmark: _Toc204180671][bookmark: _Toc208855486]3.5.1 Reliability Analysis
Instrument reliability was assessed using Cronbach’s Alpha, a widely recognized measure of internal consistency. Reliability analysis ensures items within a construct consistently measure the intended underlying factor (Hansjosten, 2015). Constructs measured were PU (6 items), PEOU (4 items), CDK (4 items), and intention to adopt AI (7 items). Reliability thresholds according to Hansjosten (2015) are presented in Table (3.1) below.
Table (3.1) Reliability Thresholds
	Cronbach’s Alpha (α)
	Internal Consistency

	α ≥ 0.9
	Excellent

	0.7 ≤ α < 0.9
	Good

	0.5 ≤ α < 0.7
	Acceptable

	α < 0.5
	Unacceptable


Source: Hansjosten (2015)
[bookmark: _Toc204180672][bookmark: _Toc208855487]3.5.2 Descriptive Statistics
Descriptive statistics summarized demographic characteristics and respondents’ attitudes toward each construct. Frequency distributions, means, and standard deviations provided comprehensive demographic profiles and insight into SMEs’ general perceptions and readiness to adopt AI (Sekaran & Bougie, 2016).
[bookmark: _Toc204180673][bookmark: _Toc208855488]3.5.3 Regression Analysis
Multiple regression analysis examined the predictive relationship between PU, PEOU, CDK, and the intention to adopt AI. Multiple regression effectively assesses simultaneous influences of multiple independent variables on a single dependent variable, extensively applied in similar TAM-based SME technology adoption research (Alshamaila, Papagiannidis, & Li, 2013; Oliveira & Martins, 2011; Wamba & Carter, 2014). The regression analysis evaluated the magnitude, direction, and statistical significance of the predictive relationships, identifying the strongest predictors of AI adoption intention.
[bookmark: _Toc204180674][bookmark: _Toc208855489]3.6 Ethical Considerations
Ethical standards were rigorously adhered to, ensuring respect for participants, confidentiality, and overall research integrity (Creswell, 2014). Key ethical considerations included:
· Informed Consent: Participants were fully informed about the research purpose, confidentiality assurances, and their rights before consenting.
· Voluntary Participation: Participants had the right to withdraw at any stage without repercussions.
· Confidentiality and Anonymity: Collected data were anonymized and securely stored, maintaining respondent confidentiality.
· Data Security: Data management adhered strictly to ethical guidelines, ensuring only authorized access.
· Cultural Sensitivity: Questionnaire design considered local cultural and linguistic contexts to prevent potential misunderstandings or offenses.
These ethical considerations guaranteed respect for participant autonomy, confidentiality, and cultural appropriateness, ensuring the ethical soundness and credibility of the research.
[bookmark: _Toc204180675][bookmark: _Toc208855490]CHAPTER 4 
[bookmark: _Toc208855491]ANALYSIS ON FACTORS INFLUENCING THE INTENTION TO ADOPT ARTIFICIAL INTELLIGENCE (AI) IN SMES IN THE FOOD AND BEVERAGE INDUSTRY IN YANGON, MYANMAR

This chapter presents the analysis of survey data collected from small and medium-sized enterprises (SMEs) operating in the food and beverage sector in Yangon, Myanmar. The purpose of this analysis is to explore SME respondents' awareness, perceptions, and intention to adopt artificial intelligence (AI) in their business operations. The findings are structured to align with the study’s objectives and provide insight into both descriptive and inferential dimensions.
The chapter begins with an overview of the business profile of respondents, including business type, size, and the role of the respondent within the business. This is followed by the demographic profile of the participants, such as their age, education level, and gender. These contextual details help frame the interpretation of AI-related responses.
Next, the analysis moves into respondents’ familiarity with AI, including how familiar they feel with AI tools, whether they have attended any AI-related training or workshops, and which types of AI tools they are aware of. Their sources of AI-related information are also explored using multiple-response questions.
The chapter then examines the reliability of the scale items used in the questionnaire to measure four key constructs: Perceived Usefulness (PU), Perceived Ease of Use (PEOU), Confidence in Digital Knowledge (CDK), and Intention to Adopt AI (INT). Descriptive statistics, including means and standard deviations, are presented for each item and scale.
Following this, multiple linear regression analysis is conducted to assess the influence of PU, PEOU, and CDK on the intention to adopt AI in business operations. This inferential analysis helps determine which factors significantly predict adoption intent among SME owners and managers.
Finally, the chapter concludes by examining respondents’ perceptions of the challenges that prevent AI adoption and the forms of support they believe would help facilitate it. Multiple-response charts and frequency tables are used to highlight the most commonly reported barriers and support needs. The final section also assesses whether respondents believe that adequate support for AI adoption is currently available to SMEs in Myanmar.
[bookmark: _Toc204180676][bookmark: _Toc208855492]4.1 Business Profile of Respondents
Understanding the business context of the respondents is essential to interpret their perspectives on AI adoption within Myanmar’s SME landscape. This section outlines the profile of the surveyed businesses in terms of their type, size, and the roles of the individuals responding to the questionnaire.
[bookmark: _Toc204180677][bookmark: _Toc208855493]4.1.1 Respondents by Business Types 
Respondents were asked to identify the type of business they operated. The questionnaire provided four response categories: Restaurant, Café, or Bakery; Food Production; Food Distribution; and Food Services. The results are presented in Table (4.1).
Table (4.1) Respondents by Business Type
	Sr
	Business Type
	Frequency
	Percentage

	1
	Restaurant, Café, or Bakery
	61
	42.40%

	2
	Food Production
	37
	25.70%

	3
	Food Distribution
	20
	13.90%

	4
	Food Services
	26
	18.10%

	Total
	144
	100.00%


Source: Survey Data (2025)
As shown in Table (4.1), the majority of respondents (42.4%) represent businesses classified as Restaurant, Café, or Bakery. This is followed by businesses in Food Production (25.7%), Food Services (18.1%), and Food Distribution (13.9%). This distribution reflects the strong representation of food retail and production-oriented SMEs in the sample.
[bookmark: _Toc204180678][bookmark: _Toc208855494]4.1.2 Respondents by Business Size 
Respondents were asked to indicate the number of employees in their business. The size categories included: 10 or less; 11–20; 21–30; 31–40; and More than 40 employees. Table (4.2) summarizes the results.
Table (4.2) Respondents by Business Size
	Sr
	Business Size
	Frequency
	Percentage

	1
	10 or less
	77
	53.50%

	2
	11 – 20
	25
	17.40%

	3
	21 – 30
	20
	13.90%

	4
	31 – 40
	6
	4.20%

	5
	More than 40
	16
	11.10%

	Total
	144
	100.00%


Source: Survey Data (2025)
More than half of the businesses surveyed (53.5%) are very small, employing 10 or fewer staff. Only 11.1% of the businesses have more than 40 employees. This aligns with the definition of SMEs in Myanmar and indicates that the sample consists predominantly of micro and small enterprises.
[bookmark: _Toc204180679][bookmark: _Toc208855495]4.1.3 Respondents by their role in the business 
Participants were asked to identify their role within the business. Options included: Business Owner, Co-owner/Partner, Director, Manager, and Employee. The results are shown in Table (4.3).
Table (4.3) Respondents by Their Role in Business
	Sr
	Role in the Business
	Frequency
	Percentage

	1
	Business Owner
	86
	59.70%

	2
	Co-owner/Partner
	39
	27.10%

	3
	Manager
	10
	6.90%

	4
	Employee
	9
	6.30%

	Total
	144
	100.00%


Source: Survey Data (2025)
As shown in Table (4.3), nearly 60% of respondents identified themselves as Business Owners, followed by Co-owners or Partners (27.1%). A small percentage of respondents were Managers (6.9%) or Employees (6.3%), and no respondents selected the Director role. These results suggest that the perspectives presented in this study are largely reflective of those in decision-making positions within their businesses.
[bookmark: _Toc204180680][bookmark: _Toc208855496]4.2 Demographic Profile of Respondents
This section outlines the demographic characteristics of the respondents, which provide important context for interpreting their perspectives on AI adoption in the food and beverage SME sector. The demographic variables analyzed include age, highest education level, and gender.
[bookmark: _Toc204180681][bookmark: _Toc208855497]4.2.1 Respondents by Age 
Respondents were asked to indicate their age group by choosing one of five categories: 18–24, 25–34, 35–44, 45–54, and 55+. The distribution of responses is shown in Table (4.4).
Table (4.4) Respondents by Age
	Sr
	Age Range
	Frequency
	Percentage

	1
	18 – 24
	19
	13.20%

	2
	25 – 34
	49
	34.00%

	3
	35 – 44
	53
	36.80%

	4
	45 – 54
	17
	11.80%

	5
	55+
	6
	4.20%

	Total
	144
	100.00%


Source: Survey Data (2025)
As shown in Table (4.4), the largest group of respondents falls within the 35–44 age range (36.8%), followed closely by the 25–34 group (34.0%). The smallest group comprises those aged 55 and above, representing only 4.2% of the sample. These results suggest that the majority of respondents are in their prime working years, which may influence their openness to adopting digital technologies such as AI.
[bookmark: _Toc204180682][bookmark: _Toc208855498]4.2.2 Respondents by Highest Education 
Respondents reported their highest level of formal education from five categories: No Formal Education, High School, Diploma, Bachelor’s Degree, and Master’s Degree or Higher. The results are shown in Table (4.5).
Table (4.5) Respondents by Highest Education
	Sr
	Highest Education
	Frequency
	Percentage

	1
	No Formal Education
	6
	4.20%

	2
	High School
	8
	5.60%

	3
	Diploma
	7
	4.90%

	4
	Bachelor’s Degree
	75
	52.10%

	5
	Master’s degree or Higher
	48
	33.30%

	Total
	144
	100.00%


Source: Survey Data (2025)
As indicated in Table (4.5), more than half of the respondents (52.1%) hold a bachelor’s degree, while one-third (33.3%) have attained a master’s degree or higher. A small proportion of respondents reported lower education levels, such as high school or no formal education. This distribution suggests that the sample includes a relatively well-educated group of SME stakeholders, which may affect their familiarity with and attitudes toward AI technologies.
[bookmark: _Toc204180683][bookmark: _Toc208855499]4.2.3 Respondents by Gender 
Respondents were asked to identify their gender by selecting Male, Female, or Don’t want to answer. The results are displayed in Table (4.6).
Table (4.6) Respondents by Gender
	Sr
	Gender
	Frequency
	Percentage

	1
	Male
	48
	33.30%

	2
	Female
	96
	66.70%

	Total
	144
	100.00%


Source: Survey Data (2025)
According to Table (4.6), two-thirds of the respondents (66.7%) are female, while 33.3% are male. No respondents selected the “Don’t want to answer” option. The gender distribution indicates strong female participation in food and beverage SMEs in Yangon, reflecting the growing presence of women entrepreneurs and professionals in this sector.
[bookmark: _Toc204180684][bookmark: _Toc208855500]4.3 Familiarity with AI by respondents
This section presents the respondents’ familiarity with artificial intelligence (AI), their exposure to AI-related training or workshops, and their awareness of various AI tools and information sources. These insights are essential for understanding the current level of digital readiness among SMEs in the food and beverage sector in Yangon.
[bookmark: _Toc204180685][bookmark: _Toc208855501]4.3.1 AI Familiarity of Respondents
To assess the general level of AI awareness, respondents were asked to rate their familiarity with AI on a 5-point Likert scale (1 = Not familiar at all, 5 = Very familiar). The results are presented in Table (4.7).
Table (4.7) AI Familiarity of Respondents
	
	N
	Mean
	Std. Deviation

	AI Familiarity
	144
	3.65
	1.125


Source: Survey Data (2025)
As shown in Table (4.7), the mean score for AI familiarity is 3.65, suggesting that respondents generally perceive themselves to have a moderate to high level of familiarity with AI. The standard deviation of 1.125 indicates a relatively wide range of responses, suggesting varying levels of exposure among the sample.
[bookmark: _Toc204180686][bookmark: _Toc208855502]4.3.2 Respondents by have they attended AI workshop or training
Respondents were asked whether they had attended any AI-related training or workshops. Their responses are summarized in Table (4.8).
Table (4.8) Attendance of AI workshop or training
	Sr
	Attendance of AI workshop or training
	Frequency
	Percentage

	1
	Yes
	49
	34.00%

	2
	No
	95
	66.00%

	Total
	144
	100.00%


Source: Survey Data (2025)
Table (4.8) shows that only 34% of the respondents have attended AI-related workshops or training, while the remaining 66% have not. This reflects a significant gap in structured AI learning opportunities within the SME community.
[bookmark: _Toc204180687][bookmark: _Toc208855503]4.3.3 Information Sources which respondents rely on related to AI and Digital Tools
Respondents were asked to identify the sources from which they obtain information related to AI and digital technologies. This was a multiple-response question that allowed participants to select more than one option from a predefined list: Social Media, Training and Workshops, Internet Websites and News Media, and Business Associations. Additionally, an open-ended response option was provided; however, all responses under this category were related to informal advice or recommendations from close family members, and were therefore classified under Friends and Family for analysis purposes. The results are presented in figure (4.1).
Figure (4.1) Information Sources which respondents rely on related to AI and Digital Tools

Source: Survey (2025)
As shown in Figure (4.1), Internet Websites and News Media (77.8%) and Social Media (77.1%) were the most frequently cited information sources. Business Associations (38.9%) and Training and Workshops (32.6%) were also significant, though less dominant, while Friends and Family were rarely mentioned (2.1%). These findings highlight the central role of digital channels in disseminating AI-related knowledge to SMEs, while also pointing to the need for broader outreach through formal institutional and training channels.
[bookmark: _Toc204180688][bookmark: _Toc208855504]4.3.4 Respondents familiarity with different AI tools
To explore the level of familiarity with AI applications, respondents were asked to identify which types of AI tools they had heard of. This was also a multiple-response question including predefined options: AI Chatbots, AI-driven Inventory and Supply Chain Management, AI-powered Marketing & Sales Analytics, AI-based Accounting and Financial Analysis, and AI-assisted Food Production & Quality Control. An additional option, None, was also included. The results are presented in figure (4.2).
Figure (4.2) Respondents Familiarity with Different AI Tools

Source: Survey (2025) 
The most recognized tool was AI Chatbots, cited by 85.4% of respondents. Other tools such as AI-powered Marketing & Sales Analytics (37.5%) and AI-driven Inventory and Supply Chain Management (23.6%) followed. A smaller proportion were aware of AI-based Accounting and Financial Analysis (22.2%) and AI-assisted Food Production & Quality Control (15.3%). Only 5.6% of respondents reported no familiarity with any AI tools. These findings suggest that while awareness of customer-facing tools like chatbots is high, knowledge of backend AI applications remains relatively limited.
[bookmark: _Toc204180689][bookmark: _Toc208855505]4.4 Reliability Test
To evaluate the internal consistency and reliability of the measurement scales used in the study, Cronbach’s Alpha was employed. Cronbach’s Alpha is a widely accepted statistical measure used to assess the reliability of a set of scale or test items. A Cronbach’s Alpha value greater than 0.70 is generally considered acceptable for social science research, though values above 0.60 are also considered acceptable in exploratory studies (Hair et al., 2010; Nunnally & Bernstein, 1994).
The reliability test was conducted for four key constructs used in this study: Perceived Usefulness (PU), Perceived Ease of Use (PEOU), Confidence in Digital Knowledge (CDK), and Intention to Use AI in Business (INT). The reliability results are summarized in Table (4.9).
Table (4.9) Summary of Reliability Statistics
	Sr. No.
	Scale Items
	No. of Items
	Cronbach's Alpha 

	1
	Perceived Usefulness (PU)
	6
	0.919

	2
	Perceived Ease of Use (PEOU)
	4
	0.931

	3
	Confidence in Digital Knowledge (CDK)
	4
	0.869

	4
	Intention to Use AI in Business (INT)
	7
	0.927


Source: Survey Data (2025)
As shown in Table (4.9), all four constructs demonstrate high reliability, with Cronbach's Alpha values exceeding 0.86. This confirms that the scale items used to measure each construct are consistent and suitable for further analysis.
[bookmark: _Toc208855506]4.4.1 Interpretation of mean values
In terms of interpretation, mean values of Likert-scale items were analyzed following the guideline provided by Best (1977), which offers a standard framework for understanding five-point scale data:
· 1.00–1.80: Strongly Disagree
· 1.81–2.60: Disagree
· 2.61–3.40: Neutral (Neither Agree nor Disagree)
· 3.41–4.20: Agree
· 4.21–5.00: Strongly Agree
This framework enables clearer interpretation of respondent agreement levels toward each construct.
[bookmark: _Toc204180690][bookmark: _Toc208855507]4.4.2 Analysis on Perceived Usefulness (PU)
Perceived Usefulness (PU) refers to the extent to which individuals believe that adopting AI will enhance their business performance. Table (4.10) presents the descriptive statistics for each item within this construct.
Table (4.10) Analysis on Perceived Usefulness
	Sr
	Items
	Mean
	Std. Deviation

	1
	AI can improve the efficiency of my business operations (PU1)
	3.79
	1.083

	2
	AI can reduce operational costs in my business (PU2)
	3.33
	1.070

	3
	AI can enhance customer service and satisfaction (PU3)
	3.22
	1.067

	4
	AI can help improve inventory and supply chain management (PU4)
	3.03
	1.115

	5
	AI-based analytics can improve my decision-making process (PU5)
	3.50
	1.024

	6
	AI adoption will make my business more competitive (PU6)
	3.42
	1.014

	
	Overall Mean
	3.38
	


Source: Survey Data (2025)
[bookmark: _Toc204180691]According to Best (1977), the overall mean of 3.38 falls in the "Neutral" category, indicating that respondents neither agreed nor disagreed on average with statements related to AI's usefulness. However, certain items stand out. For instance, item PU1 (Mean = 3.79) suggests agreement that AI could improve operational efficiency. Similarly, item PU5 and PU6 indicate that respondents perceive some value in AI for competitiveness and decision-making.
Conversely, lower scores were found for PU4 (Mean = 3.03) and PU3 (Mean = 3.22), showing that respondents were less convinced about AI’s role in enhancing supply chain operations or customer service. These results suggest that while there is moderate optimism around AI’s usefulness, SMEs in Yangon may need more exposure to practical use cases to fully recognize its value.
[bookmark: _Toc208855508]4.4.3 Analysis of Perceived Ease of Use (PEOU)
Perceived Ease of Use (PEOU) captures the respondent’s belief that AI tools are easy to learn and integrate into business operations. Table (4.11) shows the responses.
Table (4.11) Analysis on Perceived Ease of Use
	Sr
	Items
	Mean
	Std. Deviation

	1
	AI tools are user-friendly and easy to integrate into business operations (PEOU1)
	3.28
	1.088

	2
	Learning to use AI technology would be easy for me and my employees (PEOU2)
	3.44
	1.108

	3
	My business has the necessary infrastructure to implement AI (PEOU3)
	3.41
	1.131

	4
	I am confident that my business can successfully adopt AI with minimal training (PEOU4)
	3.40
	1.085

	
	Overall Mean
	3.38
	


Source: Survey Data (2025)
[bookmark: _Toc204180692]The overall mean of 3.38 again falls in the "Neutral" category (Best, 1977), suggesting that respondents neither strongly agreed nor disagreed with statements regarding ease of use. However, one item (PEOU2) crosses the threshold into "Agree" (Mean = 3.44), suggesting respondents show slightly more optimism when considering learning AI tools with their employees.
The lowest agreement (Mean = 3.28) was on whether AI tools are inherently user-friendly, suggesting that simplicity of use is still uncertain for many SMEs. While infrastructure availability and confidence in implementation (PEOU3 and PEOU4) are hovering just below the "Agree" range, the mixed responses imply that more support is needed, especially in the form of practical exposure or demo-based training, to boost confidence in AI usability.4.4.3 Analysis on 
[bookmark: _Toc208855509]4.4.4 Analysis on Confidence in Digital Knowledge (CDK)
This construct assesses respondents’ self-assessed confidence in using digital tools and their understanding of AI. The results are summarized in Table (4.12).
Table (4.12) Analysis on Confidence in Digital Knowledge
	Sr
	Items
	Mean
	Std. Deviation

	1
	I feel confident using digital tools for managing business operations (CDK1)
	3.96
	0.981

	2
	I am comfortable learning and using new technology (CDK2)
	3.90
	0.898

	3
	My employees are digitally literate and open to using AI technologies (CDK3)
	3.35
	1.111

	4
	I understand how AI works and its potential applications in my industry (CDK4)
	3.41
	1.149

	
	Overall Mean
	3.655
	


Source: Survey Data (2025)
The overall mean of 3.66 falls in the "Agree" category (Best, 1977), suggesting that SME respondents feel generally confident in their digital knowledge. Notably, the highest mean scores were for personal confidence using digital tools (CDK1) and willingness to learn new technologies (CDK2), both above 3.9.
However, responses regarding employees’ readiness (CDK3 = 3.35) and understanding of AI applications (CDK4 = 3.41) hovered closer to the neutral threshold. This implies that while SME owners themselves may be confident in digital areas, their workforce may lack similar readiness. These insights underscore the importance of targeted digital upskilling programs not just for owners, but for their teams.
[bookmark: _Toc204180693][bookmark: _Toc208855510]4.4.5 Analysis on Intention to use AI in business (INT)
This construct evaluates the level of interest and readiness among SME decision-makers to adopt AI in the near future. Table (4.13) outlines the descriptive statistics.
Table (4.13) Analysis on Intention to use AI in business
	Sr
	Items
	Mean
	Std. Deviation

	1
	I am willing to invest time and effort in learning AI tools (INT1)
	3.89
	0.932

	2
	I am interested in adopting AI in my business operations (INT2)
	3.92
	1.045

	3
	I am interested in adopting AI in my business operations in the future (INT3)
	4.05
	0.895

	4
	I plan to explore AI-based solutions within the next 1-2 years (INT4)
	3.81
	0.996

	5
	I am willing to invest in AI if it proves beneficial for my business (INT5)
	3.38
	1.031

	6
	If AI tools were more affordable and accessible, I would use them (INT6)
	4.06
	0.910

	7
	I am open to training my employees to use AI effectively (INT7)
	3.87
	0.963

	
	Overall Mean
	3.997
	


Source: Survey Data (2025)
[bookmark: _Toc204180694]With an overall mean of 3.997, this construct reflects a strong "Agree" response, nearing the threshold of "Strongly Agree" (Best, 1977). The highest-rated item (INT6 = 4.06) indicates that affordability and accessibility play a major role in AI adoption intent. High scores were also seen in items related to future adoption interest (INT3 = 4.05) and present interest (INT2 = 3.92).
Only one item, INT5 (Mean = 3.38), falls just short of the “Agree” range. This shows slight hesitation when it comes to investing money upfront, which may stem from uncertainty about return on investment. Overall, the findings show high enthusiasm among SMEs for AI adoption, provided external barriers like cost and training are addressed.
[bookmark: _Toc208855511]4.5 Analysis on the Effect of PU, PEOU, and CDK on Intention to Adopt AI in Food & Beverage SMEs in Yangon
To examine the influence of key factors on the intention to adopt AI technologies in SMEs within the food and beverage sector in Yangon, a multiple linear regression analysis was conducted. This analysis aimed to determine whether Perceived Usefulness (PU), Perceived Ease of Use (PEOU), and Confidence in Digital Knowledge (CDK) significantly predicted the Intention to Use AI in Business (INT).
Regression analysis is a robust statistical method that estimates the relationship between a dependent variable and one or more independent variables (Hair et al., 2010). In this study, the dependent variable is INT, while the independent variables are PU, PEOU, and CDK. Table (4.14) presents the results of the regression model.
Tabe (4.14) Analysis on the Effect of PU, PEOU, and CDK on Intention to Adopt AI in Food & Beverage SMEs in Yangon
	Model
	Unstandardized Coefficient
	Standardized Coefficient
	T
	Sig.
	VIF

	
	B
	Std. Error
	Beta
	
	
	

	(Constant)
	1.523
	0.208
	
	7.311
	<.001
	

	PU
	0.643
	0.090
	0.713
	7.117
	<.001
	2.978

	PEOU
	-0.102
	0.079
	-0.126
	-1.281
	0.202
	2.872

	CDK
	0.137
	0.078
	0.150
	1.767
	0.079
	2.130

	R
	0.727a

	R Square
	0.528

	Adjusted R Square
	0.518

	Durbin-Watson
	2.201

	F Value
	52.248


Source: Survey (2025)
The model explains approximately 52.8% of the variance in the dependent variable (Intention to Use AI), as indicated by the R Square value (0.528). The adjusted R Square of 0.518 confirms a strong and stable model fit. The F-value of 52.248 indicates that the overall regression model is statistically significant.
The Durbin-Watson statistic of 2.201 is within the acceptable range (1.5 to 2.5), suggesting that there is no autocorrelation issue in the residuals and the model is reliable.
In terms of individual predictors:
Perceived Usefulness (PU) has a positive and statistically significant effect on the intention to adopt AI, with an unstandardized coefficient (B = 0.643) and a standardized coefficient (β = 0.713). This indicates that respondents who perceive AI as useful are more likely to express intent to adopt it. This result is highly significant at p < .001.
Perceived Ease of Use (PEOU) has a negative but not statistically significant influence on intention (B = -0.102, β = -0.126, p = 0.202). This suggests that ease of use alone does not significantly affect adoption intention when controlling for other factors.
Confidence in Digital Knowledge (CDK) shows a marginally significant positive effect on intention (B = 0.137, β = 0.150, p = 0.079), indicating that higher confidence in digital knowledge may be associated with increased intention to adopt AI, though the result is borderline at the 10% significance level.
The Variance Inflation Factor (VIF) values for all predictors are below 3, indicating that multicollinearity is not a concern in this model (Field, 2009).
[bookmark: _Toc204180695][bookmark: _Toc208855512]4.6 Respondents’ Perception on Challenges and Support related to implementing AI in Business
[bookmark: _Toc204180696][bookmark: _Toc208855513]4.6.1 Respondents’ Perception on challenges preventing the business from adopting AI
To identify barriers to AI adoption among SMEs in the food and beverage sector, respondents were asked to select from a list of challenges that may hinder their business from integrating AI technologies. This was a multiple-response question that included the following predefined options: Lack of Technical Expertise, Limited Understanding of AI Benefits, Resistance from Employees, High Cost of AI Tools, and Lack of Technical and Funding Supports. Additionally, respondents were allowed to provide open-ended answers, which were later categorized under themes such as Limited Free AI Tools and Usage Allowance and Would Not Have Significant Effect on Business. The results are presented in Figure (4.3).
Figure (4.3) Respondents’ Perception on challenges preventing the business from adopting AI

Source: Survey (2025)
As shown in Figure (4.3), the most frequently cited challenge was Lack of Technical Expertise (58.3%), followed closely by Limited Understanding of AI Benefits (53.5%). These findings suggest that knowledge and skill gaps remain primary concerns for SME owners. Lack of Technical and Funding Supports was selected by 31.3% of respondents, indicating a significant concern over infrastructure and external resources.
Less frequently mentioned were High Cost of AI Tools (21.5%) and Resistance from Employees (20.8%), showing that while cost and organizational readiness are barriers, they are perceived as less critical than capability-related challenges. A small number of respondents cited more niche issues such as Limited Free AI Tools and Usage Allowance (3.5%), and one respondent indicated that AI would not have a significant effect on their business (0.7%).
Overall, the results point to the urgent need for capacity building, awareness-raising initiatives, and accessible support mechanisms to help SMEs overcome the technical and knowledge-related barriers to AI adoption.
[bookmark: _Toc204180697][bookmark: _Toc208855514]4.6.2 Respondents’ perceptions on support needed to encourage business to adopt AI
To better understand the kinds of support that would motivate small and medium-sized food and beverage businesses to adopt AI technologies, respondents were asked to indicate which forms of assistance would encourage their adoption efforts. This was a multiple-response question with predefined options: Free or Affordable Trainings on AI, Easier Access to AI-based Tools, Grants or Financial Support and AI Knowledge Sharing Workshops. Respondents were also allowed to provide open-ended suggestions. Such response were categorized as High Quality AI Training or Business Networks for AI Knowledge Sharing. The results are presented in figure (4.4).
Figure (4.4) Respondents' perceptions on support needed to encourage business to adopt AI

Source: Survey (2025)
The results in Figure (4.4) indicate that the most commonly cited support needed was Easier Access to AI-based Tools, selected by 84.0% of respondents. This reflects a strong demand for user-friendly, affordable, and accessible AI technologies within the SME sector. Free or Affordable Trainings on AI (59.7%) and AI Knowledge Sharing Workshops (59.0%) were also highly prioritized, highlighting the importance of capacity-building initiatives and peer learning platforms.
Grants or Financial Support was selected by 26.4% of respondents, suggesting that while financial backing is helpful, knowledge and access issues are perceived as more immediate barriers. Only 2.1% identified Business Networks for AI Knowledge Sharing, and one open-ended response (0.7%) emphasized the importance of High Quality AI Training, further reinforcing the need for training solutions that are both accessible and effective.
These findings suggest that while financial support is valued, SMEs primarily seek accessible tools and practical training opportunities to successfully adopt and implement AI in their operations. Policymakers and support organizations may consider focusing on tool accessibility and human capital development to maximize the impact of AI adoption efforts.
[bookmark: _Toc204180698][bookmark: _Toc208855515]4.6.3 Respondents’ perception on if they can get support needed to adopt AI in their business
In order to understand the confidence level among SME respondents regarding the availability of AI adoption support, they were asked whether they believed their business could access the necessary support, both technical and financial, for adopting AI technologies. The response options were: Yes, No, and No Opinion. The results are presented in Table (4.15).
Table (4.15) Respondents’ perception on if they can get support needed to adopt AI in their business
	Sr
	Support Availability
	Frequency
	Percentage

	1
	No
	56
	38.90%

	2
	No Opinion
	26
	18.10%

	3
	Yes
	62
	43.10%

	Total
	144
	100.00%


Source: Survey Data (2025)
As shown in Table (4.15), a plurality of respondents (43.1%) believed that they could access the necessary support to adopt AI in their business. However, a significant proportion (38.9%) expressed doubt about the availability of such support, suggesting that many businesses still perceive substantial access barriers. Additionally, 18.1% of respondents indicated that they had no opinion, possibly reflecting uncertainty or a lack of awareness about existing support mechanisms.
[bookmark: _Toc204180699]These results highlight a mixed level of confidence among SMEs regarding support for AI adoption. While some businesses are optimistic, a substantial number remain skeptical or unaware, emphasizing the need for clearer communication, outreach, and visibility of available support programs.


[bookmark: _Toc208855516]CHAPTER 5
[bookmark: _Toc208855517]CONCLUSION

This final chapter synthesizes the key findings from the research on the adoption of Artificial Intelligence (AI) among small and medium-sized enterprises (SMEs) in Yangon’s Food and Beverage (F&B) industry. It integrates discussions on the implications of the findings, offers practical recommendations for stakeholders, including SMEs, policymakers, and technology providers and provides suggestions for future research directions. The chapter reflects on how AI can be leveraged to improve operational efficiency and competitiveness among Myanmar’s SMEs and proposes strategic steps to address barriers and enhance readiness for AI integration.
[bookmark: _Toc204180700][bookmark: _Toc208855518]5.1 Summary of Key Findings and Discussions
This study set out to explore the determinants that influence the intention of Yangon-based F&B SMEs to adopt AI technologies. Guided by the Technology Acceptance Model (TAM), the research focused on three main predictors: Perceived Usefulness (PU), Perceived Ease of Use (PEOU), and Confidence in Digital Knowledge (CDK), and their collective impact on the Intention to Adopt AI (INT). Survey responses from 144 SME stakeholders, mostly comprising business owners and partners, were analyzed using descriptive statistics and multiple regression.
The findings indicate a generally positive attitude toward AI adoption. The respondents demonstrated moderate familiarity with AI, a significant willingness to adopt AI in the future, and high levels of personal digital confidence. However, the data also revealed clear structural, educational, and financial barriers that need to be addressed to realize the full potential of AI in the SME sector.
[bookmark: _Toc204180701][bookmark: _Toc208855519]5.1.1 Influence of Perceived Usefulness (PU)
The regression results revealed that Perceived Usefulness (PU) is the strongest predictor of intention to adopt AI (β = 0.713, p < .001). This suggests that SME owners are more likely to adopt AI technologies if they believe that these tools will bring tangible benefits such as cost savings, operational efficiency, or competitive advantage. This is consistent with Davis’s (1989) foundational work, which found that perceived usefulness significantly affects technology adoption intentions.
In the Myanmar context, the strong influence of PU highlights the need for AI developers and consultants to effectively communicate the value of AI tools tailored to local business needs. AI solutions that demonstrate visible performance improvements, such as better inventory control, enhanced customer engagement, or cost reduction, are more likely to be accepted by SME decision-makers.
[bookmark: _Toc204180702][bookmark: _Toc208855520]5.1.2 Limited Impact of Perceived Ease of Use (PEOU)
Surprisingly, Perceived Ease of Use (PEOU) was found to have a negative and statistically insignificant effect on AI adoption intention (β = -0.126, p = .202). While this may initially appear counterintuitive, similar findings have been reported in other developing economies where utility and return on investment tend to override usability in early stages of technology adoption (Venkatesh & Davis, 2000).
This suggests that while ease of use is a desirable feature, it is not the decisive factor in influencing adoption. Many business owners are willing to overcome usability barriers if the perceived benefits justify the learning curve. This finding underscores the need to focus more on demonstrating the effectiveness and business outcomes of AI tools rather than solely simplifying interfaces.
[bookmark: _Toc204180703][bookmark: _Toc208855521]5.1.3 Role of Confidence in Digital Knowledge (CDK)
The study found a marginally significant positive effect of CDK on adoption intention (β = 0.150, p = .079), indicating that higher confidence in one’s own digital abilities can positively influence AI adoption. This aligns with the concept of digital self-efficacy as proposed by Bandura (1997), where individuals who feel confident in handling technology are more inclined to adopt it.
This finding is critical for Myanmar’s SME sector, where many business owners come from non-technical backgrounds. Strengthening digital literacy and building confidence through targeted training could therefore be a vital strategy for boosting AI adoption in small businesses.
[bookmark: _Toc204180704][bookmark: _Toc208855522]5.1.4 Overall Model Strength
The regression model accounted for 52.8% of the variance in AI adoption intention, with an adjusted R-square of 0.518. This suggests that the combined effect of PU, PEOU, and CDK provides a strong predictive model of intention. The Durbin-Watson statistic (2.201) confirmed the absence of autocorrelation, validating the reliability of the model.
[bookmark: _Toc204180705][bookmark: _Toc208855523]5.2 Practical Implications and Recommendations
This section provides a comprehensive set of practical recommendations for the key stakeholders involved in fostering AI adoption among small and medium-sized enterprises (SMEs) in Myanmar. Based on the findings of this study, the recommendations are categorized by stakeholder group: (1) policymakers, (2) support organizations, (3) business associations, (4) technology providers, and (5) entrepreneurs. Each section concludes with a summary of actionable suggestions to aid in the strategic implementation of AI and digital tools in Myanmar’s business environment.
[bookmark: _Toc204180706][bookmark: _Toc208855524]5.2.1 Recommendations for Policy Makers
Policymakers play a pivotal role in creating an enabling environment for AI adoption in SMEs. The results of the study underscore that financial constraints, lack of awareness, and inadequate digital infrastructure are major barriers to AI implementation in Myanmar. To address these gaps, the government can focus on the following strategies:
National AI Awareness and Literacy Campaigns: Launching awareness campaigns is essential to demystify AI for SME owners. Government bodies, in collaboration with organizations like United Nations and Other Support Organizations, can use mass media, social media, and local business associations to highlight the tangible benefits of AI for business. Translating materials into Burmese and ethnic languages would further enhance accessibility.
Curriculum Development and Integration: Long-term digital transformation requires education sector reform. By embedding AI modules into the national and university curricula and promoting certification courses through public-private partnerships, future generations of entrepreneurs and employees will be better equipped to navigate the digital economy.

Financial Incentives and Digital Grants: AI adoption is frequently hindered by the high cost of tools and limited access to capital. Governments should introduce technology-specific grants and low-interest loans for SMEs and micro-enterprises. Tax relief on AI tools, software purchases, or training expenses can serve as an incentive for digital investment.
National Strategy for Digital Infrastructure: Improving internet access across the country, especially in rural and peri-urban areas, is fundamental. Investments should be made in broadband and 5G infrastructure, as well as cloud computing services, to enable SMEs to access and deploy AI tools efficiently.
Monitoring and Evaluation Mechanisms: The government should support the development of a digital readiness index for SMEs and conduct annual AI adoption surveys. This will help identify policy gaps, allocate funding effectively, and promote accountability.
Summary of Recommendations for Policymakers:
· Launch nationwide AI awareness and digital literacy campaigns.
· Integrate AI modules into national education and vocational training.
· Offer grants, tax incentives, and affordable financing for AI adoption.
· Invest in digital and cloud infrastructure nationwide.
· Monitor SME digital transformation progress using standardized tools.
[bookmark: _Toc208855525]5.2.2 Recommendations for Support Organizations
Support organizations, such as international NGOs, development agencies, local accelerators, and nonprofit institutions, are well-positioned to bridge the gap between technology providers and SMEs. Their interventions can significantly influence the speed and inclusiveness of AI adoption.
Design and Deliver Inclusive Training Programs: AI literacy initiatives must target a diverse SME audience, including female entrepreneurs, ethnic minority business owners, and rural enterprise leaders. These programs should be practical, contextual, and culturally relevant. Collaborating with local trainers and entrepreneurs can enhance relatability.
Facilitate Access to Affordable Digital Tools: Many SMEs cannot afford commercial AI software or cloud subscriptions. Support organizations should negotiate collective discounts, support open-source tools, or offer platform vouchers as part of startup assistance programs. This would reduce the barrier to entry for digital experimentation.
Develop Digital Diagnostic and Mentorship Services: One-on-one advisory services can be crucial in assessing SME digital maturity and identifying suitable AI use cases. Creating digital roadmaps for each business, combined with access to AI consultants or volunteer experts, can make implementation more personalized and achievable.
Build Local Talent and Technical Support Ecosystems: Training a pool of community-based digital advisors would address the shortage of AI professionals who understand the local SME landscape. Support organizations should provide certification programs and microgrants to these grassroots digital champions.
Foster Multi-Stakeholder Collaboration: Convening cross-sector dialogues, hackathons, and regional summits brings together entrepreneurs, government representatives, and developers. These events promote peer learning, solution co-design, and long-term trust building.
Summary of Recommendations for Support Organizations:
· Create inclusive AI literacy and training programs for SMEs.
· Provide subsidized access to AI tools and platforms.
· Offer digital diagnostics, mentorship, and business roadmaps.
· Train local digital advisors to support implementation.
· Facilitate collaboration through AI summits and co-creation initiatives.
[bookmark: _Toc208855526]5.2.3 Recommendations for Business Associations
Business associations serve as powerful intermediaries between SMEs and policymakers. They represent collective interests, coordinate industry dialogue, and often provide training or certification to members.
Advocate for Digital Transformation Policies: Business associations should conduct regular surveys to understand the digital needs of their members and present evidence-based policy recommendations to government ministries. Lobbying for AI-related financial incentives and better access to data infrastructure is vital.
Organize Knowledge Sharing Events: Associations should host workshops, webinars, and expos that showcase real-life examples of AI adoption in local contexts. These events should feature SME case studies and encourage two-way learning between experienced users and beginners.
Create Sectoral AI Resource Centers: Many SMEs are unaware of what AI can do for their specific industries. Sector-specific resource portals, with checklists, templates, and case studies, can make AI adoption less intimidating. F&B, agriculture, manufacturing, and retail could benefit from tailored content.
Build AI Readiness Toolkits: Developing simple toolkits can help SMEs self-assess their current digital maturity and understand what steps are necessary to integrate AI. These toolkits can be printed, hosted online, or embedded within member portals.
Partner with Universities and Tech Startups: Associations should facilitate collaborations where students and researchers co-develop low-cost AI prototypes for SMEs. Internship placements, joint pilot projects, and research grants could enhance innovation.
Summary of Recommendations for Business Associations:
· Advocate for SME-friendly digital policies and funding.
· Host sector-focused AI learning events.
· Build industry-specific digital resource hubs.
· Develop AI readiness self-assessment tools.
· Foster partnerships between SMEs, academia, and startups.
[bookmark: _Toc204180707][bookmark: _Toc208855527]5.2.4 Recommendations for Technology Providers
AI and software vendors can support inclusive innovation by tailoring their products and services to the realities of Myanmar’s SME landscape.
Localize AI Products and Interfaces: Tools must support Burmese and other ethnic languages and run well on low-bandwidth connections or low-spec devices. User experience design should prioritize mobile interfaces and intuitive navigation.
Develop Tiered Pricing and Access Models: Freemium pricing models and micro-subscriptions can attract new users. Offering bundles that include software, training, and limited-time technical support can reduce friction for SMEs new to digital systems.
Offering Custom Implementation Support: SMEs often lack the internal resources to independently roll out new technologies. Vendors should create lightweight onboarding packages or partners with local IT professionals for installation and setup services.
Collect Feedback to Improve Relevance: Developers must invest in user research and feedback loops to iterate and refine their offerings. Community-based pilots and co-creation sprints can yield better-fit solutions and higher retention.
Provide Case-Based Demonstrations: Sharing video tutorials and real-life examples from similar businesses helps demystify AI tools and builds confidence in trying new technologies.
Summary of Recommendations for Technology Providers:
· Localize interfaces for Myanmar’s SME environments.
· Create flexible pricing and bundled support models.
· Provide personalized implementation services.
· Collect continuous feedback from SME users.
· Share SME case studies and video demos for education.
[bookmark: _Toc208855528]5.2.5 Recommendations for Entrepreneurs and SME Owners
Entrepreneurs and SME owners are at the core of any AI transformation. Their willingness to experiment, learn, and invest in digital solutions determines the success of adoption.
Invest in Learning and Exploration: Business owners should dedicate time to understanding the basics of AI through online courses, peer learning, or workshops. Learning as a team encourages shared vision and eases digital transition.

Start Small with Simple Use Cases: Instead of implementing complex AI systems, SMEs can begin with small tools, like AI chatbots for customer service or inventory prediction features in POS systems. These early wins help build confidence.
Build Peer Learning Communities: Entrepreneurs benefit from exchanging ideas with peers facing similar challenges. Informal networks, Facebook groups, or local meetups can foster motivation and reduce isolation.
Advocate for Change Within Industry Networks: SME leaders should proactively engage in forums and associations to push for more accessible digital resources and influence ecosystem-level change.
Document Impact and Build the Case: Tracking and communicating the impact of AI adoption, such as time saved, sales increased, or errors reduced, can help secure future investment and motivate others.
Summary of Recommendations for Entrepreneurs:
· Develop digital and AI literacy for self and team.
· Begin with manageable, high-impact AI tools.
· Connect with fellow SMEs for shared learning.
· Champion digital innovation in industry forums.
· Track results and use data to build adoption cases.
[bookmark: _Toc204180708][bookmark: _Toc208855529]5.3 Digital Transformation in Myanmar
Myanmar’s broader digital transformation efforts are still in nascent stages compared to ASEAN neighbors (ASEAN Secretariat, 2020). Challenges such as infrastructure limitations, political instability, and digital divide further hinder progress. However, Myanmar's high smartphone penetration and young workforce present unique opportunities. SMEs that adopt AI early could gain a significant competitive edge and act as pioneers in the digital economy.
In line with OECD (2021) recommendations, fostering SME innovation ecosystems in Myanmar will require coordinated action. Support mechanisms should include incubators, AI mentorship programs, and regional digital hubs. These ecosystems can help translate AI readiness into tangible outcomes, including productivity gains and market expansion.
[bookmark: _Toc204180709][bookmark: _Toc208855530]5.4 Limitations of the Study
While this study provides valuable insights into the adoption of Artificial Intelligence (AI) among SMEs in Myanmar’s food and beverage sector, several limitations must be acknowledged to contextualize the findings and suggest caution in interpreting the results.
One of the most prominent limitations is the geographical scope of the study. The research was conducted exclusively among SMEs based in Yangon, Myanmar’s largest commercial city. While Yangon represents a key urban center with a relatively higher level of digital infrastructure and connectivity, it does not reflect the digital realities of SMEs operating in semi-urban, rural, or conflict-affected regions of the country. In these areas, factors such as limited internet access, poor infrastructure, low digital literacy, and instability may significantly influence the perception and feasibility of AI adoption. Consequently, the generalizability of the study’s findings is somewhat constrained. Further studies that incorporate participants from a broader geographic area across Myanmar would yield a more comprehensive understanding of national trends and disparities in AI adoption.
Another important limitation lies in the sectoral focus of the research. The study focused solely on the food and beverage (F&B) sector, which, while significant, does not capture the diversity of industries that comprise the SME landscape in Myanmar. Sectors such as agriculture, logistics, education, healthcare, tourism, and manufacturing each face distinct challenges and opportunities in adopting AI technologies. For example, AI applications in agriculture might emphasize crop yield prediction and soil quality analysis, whereas healthcare might focus on diagnostic tools and patient management systems. Therefore, the insights derived from the F&B sector may not be directly transferable to other sectors, and future research should consider conducting sector-specific studies or comparative analyses to draw more nuanced conclusions.
The study employed a cross-sectional design, which captures data at a single point in time. This approach provides a snapshot of perceptions, attitudes, and behaviors related to AI adoption but lacks the capacity to observe changes over time. Given the rapid evolution of digital technologies and the increasing awareness of AI in business, longitudinal research would be more effective in tracking how SMEs’ attitudes, capabilities, and adoption patterns evolve. For instance, businesses may initially resist AI due to a lack of understanding but may adopt it more readily after exposure to successful case studies or training initiatives. By capturing data at multiple intervals, longitudinal studies can reveal trends, causal relationships, and the long-term impacts of interventions or external factors such as economic policy changes, international aid programs, or technological advancements.
Self-reported data is another limitation inherent in the methodology used in this study. All data were collected through structured questionnaires completed by SME owners, managers, or employees. Self-reporting can introduce several biases, including social desirability bias, where respondents may overstate their knowledge, readiness, or intention to adopt AI to align with perceived expectations. Similarly, recall bias may affect the accuracy of responses about past experiences with AI tools or digital training. Additionally, the absence of triangulation with other data sources, such as interviews, focus groups, or system usage logs, limits the depth of interpretation and may affect the reliability of findings. Future studies could mitigate this by incorporating mixed method approaches that combine quantitative surveys with qualitative interviews or observational studies.
Furthermore, the sampling method may also introduce limitations. Although the study utilized purposive sampling to reach respondents in the F&B sector, it may not be fully representative of the population of SMEs in Yangon or Myanmar at large. The inclusion of more random or stratified sampling methods would improve representativeness and reduce sampling bias. Additionally, the survey was distributed in digital formats, which could have excluded participants who lack access to the internet or are not digitally literate. As such, the results may skew towards more digitally-aware SMEs and underrepresent those who are digitally excluded—ironically, the very group that might benefit most from digital inclusion initiatives.
Another potential limitation lies in the constructs measured, such as Perceived Usefulness (PU), Perceived Ease of Use (PEOU), Confidence in Digital Knowledge (CDK), and Intention to Use AI. While these constructs are rooted in the well-established Technology Acceptance Model (TAM), they may not capture the full range of motivational and contextual factors influencing AI adoption in the unique socio-economic and cultural context of Myanmar. For instance, constructs such as trust in technology, perceived risk, organizational readiness, and external pressure were not explicitly measured but may play a critical role in determining adoption behavior. Moreover, some respondents may interpret Likert scale items differently based on their cultural background or literacy level, leading to variation in response patterns that are not easily quantifiable.
In summary, while the study offers important and timely insights into AI adoption among SMEs in Yangon’s food and beverage sector, its limitations suggest a need for cautious interpretation. The findings are shaped by geographical, sectoral, methodological, and design constraints that limit their broader applicability. Recognizing these limitations is essential not only for accurately framing the results but also for guiding more robust and inclusive research in the future.
[bookmark: _Toc204180710][bookmark: _Toc208855531]5.5 Directions for Future Research
In light of the limitations discussed above, several avenues for future research are proposed to enhance the understanding of AI adoption among SMEs in Myanmar and other developing economies. These future research directions aim to provide more granular, actionable, and context-specific knowledge that can inform policy, practice, and innovation in the digital transformation of SMEs.
One important direction is sectoral comparison. Future studies should explore how AI adoption differs across various sectors such as agriculture, healthcare, education, manufacturing, and logistics. Each industry presents unique operational challenges, customer expectations, and regulatory environments, which in turn influence the types of AI tools that are relevant and the pace at which they are adopted. For instance, the use of AI in agriculture may focus on yield optimization, soil analysis, or weather prediction, whereas in healthcare, it may relate to diagnostics, patient management, or appointment scheduling. Comparative studies can help identify sector-specific enablers and barriers to AI adoption and support the development of targeted interventions and tools.
Another promising area is the integration of behavioral science theories to understand AI adoption more holistically. While the Technology Acceptance Model (TAM) provides a foundational framework, incorporating the Theory of Planned Behavior (TPB) (Ajzen, 1991) or the Unified Theory of Acceptance and Use of Technology (UTAUT) can offer deeper insights into the psychological and social drivers of adoption. Factors such as perceived behavioral control, subjective norms, and facilitating conditions can shed light on why some SMEs adopt AI despite constraints, while others with better resources may resist it. Behavioral research can also inform the design of interventions such as nudges, incentives, or framing effects to promote digital adoption.
Cultural considerations should also be prioritized in future studies. Myanmar’s social and organizational culture, characterized by hierarchy, collectivism, and risk aversion, may significantly influence how technology is introduced, perceived, and implemented within SMEs. For example, employees in hierarchical cultures may be less likely to suggest AI solutions or voice concerns about digital tools. Understanding the cultural dimensions of technology acceptance can help tailor communication, training, and leadership strategies for AI integration. Furthermore, cultural norms around data privacy, automation, and human-AI collaboration should be examined to ensure ethical and context-sensitive implementation.
Another key research priority is the impact evaluation of AI adoption. Beyond perceptions and intentions, future studies should assess how AI implementation affects concrete business outcomes such as revenue growth, cost savings, productivity, customer satisfaction, and market competitiveness. Such studies should consider pre- and post-adoption comparisons or longitudinal designs to capture the causal effects and sustainability of digital transformation. Metrics should also be disaggregated by business size, ownership structure, and digital maturity to understand which types of SMEs benefit most from AI and under what conditions.
Methodologically, future research should aim to employ mixed-method or multi-phase approaches. Combining quantitative surveys with qualitative interviews, focus groups, and case studies will yield richer insights and validate findings from multiple perspectives. Participatory research models, in which SME owners co-design research questions or tools, can also ensure greater relevance and uptake of the findings.
Additionally, future research should examine the role of intermediaries such as business associations, incubators, and digital hubs in shaping AI adoption pathways. These organizations often provide training, funding, mentoring, and technical support to SMEs and play a crucial role in fostering digital ecosystems. Understanding how these actors influence SME decisions, bridge information gaps, or foster collaboration with technology providers can help scale effective models.
Finally, researchers should explore inclusive innovation in AI adoption. Studies should assess whether existing tools and strategies reach marginalized or underrepresented groups such as women entrepreneurs, rural business owners, ethnic minorities, or disabled persons. Digital inclusion metrics, gender-disaggregated data, and intersectional analyses will be essential in ensuring that the benefits of AI adoption are equitably distributed. Research should also evaluate whether AI tools reinforce existing inequalities or offer new opportunities for empowerment and access.
In conclusion, the future research agenda for AI adoption among SMEs in Myanmar is both vast and urgent. Addressing sectoral, behavioral, cultural, and impact dimensions through rigorous, inclusive, and context-sensitive research will deepen understanding and support the design of effective interventions. This requires not only academic engagement but also collaboration with local industry, government bodies, and international development partners to ensure relevance and applicability. Further research should also consider the dynamic nature of digital transformation, incorporating longitudinal studies that track AI adoption over time. By building on the current study’s findings and overcoming its limitations, future research can contribute to a more equitable, sustainable, and digitally empowered SME ecosystem in Myanmar, one that is resilient, innovative, and competitive in the global digital economy.
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Appendix A
Survey Questionnaire
Section 1: Business Profile of Respondents
1. What type of Food & Beverage business do you operate?
(Please select one)
· Restaurant, Café, or Bakery
· Food Production
· Food Distribution
· Food Service

2. How many employees does your business have?
(Please select one)
· 10 or less
· 11–20
· 21–30
· 31–40
· More than 40

3. What is your role in the business?
(Please select one)
· Business Owner
· Co-owner / Partner
· Director
· Manager
· Employee

Section 2: Awareness and Perception of AI
1. How familiar are you with Artificial Intelligence (AI)?
(Please rate the following statements on a 5-point Likert scale: 1 = Strongly Disagree to 5 = Strongly Agree)
	Sr.
	Statements
	1
	2
	3
	4
	5

	1
	How familiar are you with Artificial Intelligence (AI)?
	
	
	
	
	



2. Which types of AI tools or applications have you heard of?
(Select all that apply)
· AI Chatbots
· AI-powered Marketing & Sales Analytics 
· AI-driven Inventory and Supply Chain Management
· AI-based Accounting and Financial Analysis
· AI-assisted Food Production & Quality Control
· Other (Please specify): __________

3. Have you attended any training or workshops on AI or digital technologies? 
(Please select one)
· Yes
· No
4. Where do you obtain information about AI and digital tools relevant to business operations?
(Select all that apply)
· Internet Websites and News Media
· Social Media
· Business associations
· Training and Workshops
· Other (Please specify): __________
Section 3: Perceived Usefulness of AI (PU)
(Please rate the following statements on a 5-point Likert scale: 1 = Strongly Disagree to 5 = Strongly Agree)
	Sr.
	Statements
	1
	2
	3
	4
	5

	1
	AI can improve the efficiency of my business operations (PU1)
	
	
	
	
	

	2
	AI can reduce operational costs in my business (PU2)
	
	
	
	
	

	3
	AI can enhance customer service and satisfaction (PU3)
	
	
	
	
	

	4
	AI can help improve inventory and supply chain management (PU4)
	
	
	
	
	

	5
	AI-based analytics can improve my decision-making process (PU5)
	
	
	
	
	

	6
	AI adoption will make my business more competitive (PU6)
	
	
	
	
	



Section 4: Perceived Ease of Use of AI (PEOU)
(Please rate the following statements on a 5-point Likert scale: 1 = Strongly Disagree to 5 = Strongly Agree)
	Sr.
	Statements
	1
	2
	3
	4
	5

	1
	AI tools are user-friendly and easy to integrate into business operations
	
	
	
	
	

	2
	Learning to use AI technology would be easy for me and my employees
	
	
	
	
	

	3
	My business has the necessary infrastructure to implement AI
	
	
	
	
	

	4
	I am confident that my business can successfully adopt AI with minimal training
	
	
	
	
	





Section 5: Confidence in Digital Knowledge (CDK)
(Please rate the following statements on a 5-point Likert scale: 1 = Strongly Disagree to 5 = Strongly Agree)
	Sr.
	Statements
	1
	2
	3
	4
	5

	1
	I feel confident using digital tools for managing business operations
	
	
	
	
	

	2
	I am comfortable learning and using new technology
	
	
	
	
	

	3
	My employees are digitally literate and open to using AI technologies
	
	
	
	
	

	4
	I understand how AI works and its potential applications in my industry
	
	
	
	
	



Section 6: Intention to Use AI (INT)
(Please rate the following statements on a 5-point Likert scale: 1 = Strongly Disagree to 5 = Strongly Agree)
	Sr.
	Statements
	1
	2
	3
	4
	5

	1
	I am willing to invest time and effort in learning AI tools
	
	
	
	
	

	2
	I am interested in adopting AI in my business operations
	
	
	
	
	

	3
	I am interested in adopting AI in my business operations in the future
	
	
	
	
	

	4
	I plan to explore AI-based solutions within the next 1-2 years
	
	
	
	
	

	5
	I am willing to invest in AI if it proves beneficial for my business
	
	
	
	
	

	6
	If AI tools were more affordable and accessible, I would use them
	
	
	
	
	

	7
	I am open to training my employees to use AI effectively
	
	
	
	
	




Section 7: Demographic Information
What is your age group?
· 18–24
· 25–34
· 35–44
· 45–54
· 55 and above
What is your highest level of education completed?
· No formal education
· High school
· Diploma
· Bachelor’s degree
· Master’s degree or higher
What is your gender?
· Male
· Female
· Prefer not to say

Section 8: Barriers to AI Adoption
What are the main challenges preventing your business from adopting AI?
(Select all that apply)
· High cost of AI implementation
· Lack of technical expertise
· Limited understanding of AI benefits
· Resistance from employees
· Lack of Technical or Funding support
· Other (Please specify): __________
Do you believe that SMEs in Myanmar have adequate support for Technology Implementations such as AI?
(Please select one)
· Yes
· No
· Not sure
What kind of support would encourage your business to adopt AI?
(Select all that apply)
· grants or financial support
· Free or affordable AI training programs
· Easier access to AI-based tools
· Business networks for AI knowledge-sharing
· AI knowledge-sharing workshops
· Other (Please specify): __________
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	Frequency
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	Food Distribution
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	13.9
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	.931
	4



	Item-Total Statistics

	
	Scale Mean if Item Deleted
	Scale Variance if Item Deleted
	Corrected Item-Total Correlation
	Cronbach's Alpha if Item Deleted

	PEOU1
	10.24
	9.430
	.823
	.914

	PEOU2
	10.09
	9.244
	.838
	.909

	PEOU3
	10.12
	8.958
	.868
	.899

	PEOU4
	10.13
	9.458
	.820
	.915



Reliability
	Notes

	Output Created
	26-JUL-2025 16:09:58

	Comments
	

	Input
	Data
	C:\Users\hteta\OneDrive\Documents\All Data Thesis.sav

	
	Active Dataset
	DataSet5

	
	Filter
	<none>

	
	Weight
	<none>

	
	Split File
	<none>

	
	N of Rows in Working Data File
	144

	
	Matrix Input
	

	Missing Value Handling
	Definition of Missing
	User-defined missing values are treated as missing.

	
	Cases Used
	Statistics are based on all cases with valid data for all variables in the procedure.

	Syntax
	RELIABILITY
/VARIABLES=CDK1 CDK2 CDK3 CDK4
/SCALE('ALL VARIABLES') ALL
/MODEL=ALPHA
/SUMMARY=TOTAL.


	Resources
	Processor Time
	00:00:00.00

	
	Elapsed Time
	00:00:00.00




Scale: ALL VARIABLES
	Case Processing Summary

	
	N
	%

	Cases
	Valid
	144
	100.0

	
	Excludeda
	0
	.0

	
	Total
	144
	100.0

	a. Listwise deletion based on all variables in the procedure.



	Reliability Statistics

	Cronbach's Alpha
	N of Items

	.869
	4



	Item-Total Statistics

	
	Scale Mean if Item Deleted
	Scale Variance if Item Deleted
	Corrected Item-Total Correlation
	Cronbach's Alpha if Item Deleted

	CDK1
	10.65
	8.046
	.613
	.873

	CDK2
	10.72
	7.758
	.771
	.820

	CDK3
	11.26
	6.699
	.780
	.808

	CDK4
	11.20
	6.665
	.747
	.824








Reliability
	Notes

	Output Created
	26-JUL-2025 16:10:20

	Comments
	

	Input
	Data
	C:\Users\hteta\OneDrive\Documents\All Data Thesis.sav

	
	Active Dataset
	DataSet5

	
	Filter
	<none>

	
	Weight
	<none>

	
	Split File
	<none>

	
	N of Rows in Working Data File
	144

	
	Matrix Input
	

	Missing Value Handling
	Definition of Missing
	User-defined missing values are treated as missing.

	
	Cases Used
	Statistics are based on all cases with valid data for all variables in the procedure.

	Syntax
	RELIABILITY
/VARIABLES=INT1 INT2 INT3 INT4 INT5 INT6 INT7
/SCALE('ALL VARIABLES') ALL
/MODEL=ALPHA
/SUMMARY=TOTAL.


	Resources
	Processor Time
	00:00:00.00

	
	Elapsed Time
	00:00:00.00



Scale: ALL VARIABLES
	Case Processing Summary

	
	N
	%

	Cases
	Valid
	144
	100.0

	
	Excludeda
	0
	.0

	
	Total
	144
	100.0

	a. Listwise deletion based on all variables in the procedure.



	Reliability Statistics

	Cronbach's Alpha
	N of Items

	.927
	7



	Item-Total Statistics

	
	Scale Mean if Item Deleted
	Scale Variance if Item Deleted
	Corrected Item-Total Correlation
	Cronbach's Alpha if Item Deleted

	INT1
	23.10
	25.123
	.646
	.928

	INT2
	23.06
	22.087
	.901
	.902

	INT3
	22.94
	23.793
	.851
	.909

	INT4
	23.17
	23.529
	.777
	.915

	INT5
	23.60
	25.416
	.534
	.940

	INT6
	22.92
	23.470
	.877
	.906

	INT7
	23.12
	23.294
	.840
	.909



Regression
	Notes

	Output Created
	26-JUL-2025 15:23:02

	Comments
	

	Input
	Data
	C:\Users\hteta\OneDrive\Documents\All Data Thesis.sav

	
	Active Dataset
	DataSet5

	
	Filter
	<none>

	
	Weight
	<none>

	
	Split File
	<none>

	
	N of Rows in Working Data File
	144

	Missing Value Handling
	Definition of Missing
	User-defined missing values are treated as missing.

	
	Cases Used
	Statistics are based on cases with no missing values for any variable used.

	Syntax
	REGRESSION
/MISSING LISTWISE
/STATISTICS COEFF OUTS R ANOVA COLLIN TOL CHANGE
/CRITERIA=PIN(.05) POUT(.10) TOLERANCE(.0001)
/NOORIGIN
/DEPENDENT INT_total
/METHOD=ENTER PU_total PEOU_total CDK_total
/RESIDUALS DURBIN.


	Resources
	Processor Time
	00:00:00.02

	
	Elapsed Time
	00:00:00.02

	
	Memory Required
	7120 bytes

	
	Additional Memory Required for Residual Plots
	0 bytes






	Variables Entered/Removeda

	Model
	Variables Entered
	Variables Removed
	Method

	1
	CDK_total, PEOU_total, PU_totalb
	.
	Enter

	a. Dependent Variable: INT_total

	b. All requested variables entered.



	Model Summaryb

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate
	Change Statistics

	
	
	
	
	
	R Square Change
	F Change
	df1

	1
	.727a
	.528
	.518
	.56123
	.528
	52.248
	3



	Model Summaryb

	Model
	Change Statistics
	Durbin-Watson

	
	df2
	Sig. F Change
	

	1
	140
	<.001
	2.201

	
a. Predictors: (Constant), CDK_total, PEOU_total, PU_total

	b. Dependent Variable: INT_total




	ANOVAa

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	1
	Regression
	49.372
	3
	16.457
	52.248
	<.001b

	
	Residual
	44.097
	140
	.315
	
	

	
	Total
	93.469
	143
	
	
	

	a. Dependent Variable: INT_total

	b. Predictors: (Constant), CDK_total, PEOU_total, PU_total

	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.
	Collinearity Statistics

	
	B
	Std. Error
	Beta
	
	
	Tolerance

	1
	(Constant)
	1.523
	.208
	
	7.311
	<.001
	

	
	PU_total
	.643
	.090
	.713
	7.117
	<.001
	.336

	
	PEOU_total
	-.102
	.079
	-.126
	-1.281
	.202
	.348

	
	CDK_total
	.137
	.078
	.150
	1.767
	.079
	.469

	
Coefficientsa

	Model
	Collinearity Statistics

	
	VIF

	1
	(Constant)
	

	
	PU_total
	2.978

	
	PEOU_total
	2.872

	
	CDK_total
	2.130

	a. Dependent Variable: INT_total

	Collinearity Diagnosticsa

	Model
	Dimen
sion
	Eigen
value
	Condition Index
	Variance Proportions

	
	
	
	
	(Const
ant)
	PU_total
	PEOU_
total
	CDK_
total

	1
	1
	3.921
	1.000
	.00
	.00
	.00
	.00

	
	2
	.045
	9.350
	.73
	.04
	.16
	.00

	
	3
	.019
	14.199
	.25
	.02
	.24
	.95

	
	4
	.015
	16.109
	.02
	.94
	.59
	.05

	a. Dependent Variable: INT_total

	Residuals Statisticsa

	
	Minimum
	Maximum
	Mean
	Std. Deviation
	N

	Predicted Value
	2.4769
	5.0184
	3.8552
	.58758
	144

	Residual
	-1.63486
	1.55069
	.00000
	.55531
	144

	Std. Predicted Value
	-2.346
	1.980
	.000
	1.000
	144

	Std. Residual
	-2.913
	2.763
	.000
	.989
	144

	a. Dependent Variable: INT_total


Frequencies

	Notes

	Output Created
	26-JUL-2025 16:11:27

	Comments
	

	Input
	Active Dataset
	DataSet1

	
	Filter
	<none>

	
	Weight
	<none>

	
	Split File
	<none>

	
	N of Rows in Working Data File
	334

	Missing Value Handling
	Definition of Missing
	User-defined missing values are treated as missing.

	
	Cases Used
	Statistics are based on all cases with valid data.

	Syntax
	FREQUENCIES VARIABLES=SupportWanted Challenges InformationSource AITypes
/ORDER=ANALYSIS.


	Resources
	Processor Time
	00:00:00.00

	
	Elapsed Time
	00:00:00.00



[DataSet1] 

	Statistics

	
	Support Wanted
	Challenges
	Information Source
	AI Types

	N
	Valid
	334
	334
	334
	334

	
	Missing
	0
	0
	0
	0




Frequency Table

	Support Wanted

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	AI Knowledge Sharing Workshops
	85
	25.4
	25.4
	25.4

	
	Easier Access to AI-based Tools
	121
	36.2
	36.2
	61.7

	
	Free or Affordable Trainings on AI
	86
	25.7
	25.7
	87.4

	
	Grants or Financial Support
	38
	11.4
	11.4
	98.8

	
	SME အချင်းချင်း knowledge share ခြင်း
	1
	.3
	.3
	99.1

	
	စနစ်တကျ AI နှင့်ပတ်သတ်တဲ့ နိုင်ငံတကာ အဆင့်မှီ Training
	1
	.3
	.3
	99.4

	
	ပူးပေါင်းဆောင်ရွက်ပြီး လုပ်ငန်းအမျိုးအစားတူချင်း မျှဝေခြင်း။
	1
	.3
	.3
	99.7

	
	လုပ်ငန်းအချင်းချင်းမျှဝေခြင်း။
	1
	.3
	.3
	100.0

	
	Total
	334
	100.0
	100.0
	



	Challenges

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	
	61
	18.3
	18.3
	18.3

	
	ChatGPT free မှာ ကန့်သက်မှုများရှိခြင်း
	1
	.3
	.3
	18.6

	
	Free Version မရှိသော AI များ
	1
	.3
	.3
	18.9

	
	free သုံးဆွဲနိုင်သော ဖန်တီးမှုမှာအကန့်အသတ် ဖြင့်သာရှိခြင်း
	1
	.3
	.3
	19.2

	
	Free သုံးနိုင်သော AI များနည်းပါးခြင်း
	1
	.3
	.3
	19.5

	
	High Cost of AI Tools
	31
	9.3
	9.3
	28.7

	
	Lack of Technical and Funding Supports
	45
	13.5
	13.5
	42.2

	
	Lack of Technical Expertise
	84
	25.1
	25.1
	67.4

	
	Limited free AI tools
	1
	.3
	.3
	67.7

	
	Limited Understanding of AI Benefits
	77
	23.1
	23.1
	90.7

	
	Resistance from Employees
	30
	9.0
	9.0
	99.7

	
	Till now, not necessary and it would not have a significant impact for the type of business I’m currently running.
	1
	.3
	.3
	100.0

	
	Total
	334
	100.0
	100.0
	



	Information Source

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	
	5
	1.5
	1.5
	1.5

	
	Business Associations
	56
	16.8
	16.8
	18.3

	
	I learn from my kids
	1
	.3
	.3
	18.6

	
	Internet Websites and News Media
	112
	33.5
	33.5
	52.1

	
	Social Media
	111
	33.2
	33.2
	85.3

	
	Training and Workshops
	47
	14.1
	14.1
	99.4

	
	တူမမှတဆင့်ကြားဖူးပါတယ်
	1
	.3
	.3
	99.7

	
	သမီးကိုမေးသည်။
	1
	.3
	.3
	100.0

	
	Total
	334
	100.0
	100.0
	



	AI Types

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	
	61
	18.3
	18.3
	18.3

	
	AI Chatbots
	123
	36.8
	36.8
	55.1

	
	AI-assisted Food Production & Quality Control
	22
	6.6
	6.6
	61.7

	
	AI-based Accounting and Financial Analysis
	32
	9.6
	9.6
	71.3

	
	AI-driven Inventory and Supply Chain Management
	34
	10.2
	10.2
	81.4

	
	AI-powered Marketing & Sales Analytics
	54
	16.2
	16.2
	97.6

	
	None
	8
	2.4
	2.4
	100.0

	
	Total
	334
	100.0
	100.0
	





Social Media	Training and Workshops	Internet Websites and News Media	Business Associations	Friends and Family	111	47	112	56	3	



AI Chatbots	None	AI-driven Inventory and Supply Chain Management	AI-powered Marketing 	&	 Sales Analytics	AI-based Accounting and Financial Analysis	AI-assisted Food Production 	&	 Quality Control	123	8	34	54	32	22	



Lack of Technical Expertise	Limited Understanding of AI Benefits	Resistance from Employees	High Cost of AI Tools	Lack of Technical and Funding Supports	Would not have Significant Effect on Business	Limited Free AI Tools and Usage Allowance	84	77	30	31	45	1	5	



Free or Affordable Trainings on AI	Easier Access to AI-based Tools	Grants or Financial Support	AI Knowledge Sharing Workshops	High Quality AI Training	Business Networks for AI Knowledge Sharing	86	121	38	85	1	3	
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