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Abstract

Purpose: This study investigates the implementation of artificial intelligence
(AI) in manufacturing management in Thailand’s Eastern Industrial Region,
addressing significant knowledge gaps regarding technology adoption in emerg-
ing economies. The research develops and validates a comprehensive frame-
work integrating the Technology-Organization-Environment (TOE) frame-
work, Resource-Based View (RBV), and Technology Acceptance Model (TAM)
to examine multidimensional factors influencing Al adoption, implementation
challenges, performance outcomes, and future trajectories. Methodology: An
explanatory sequential mixed-methods design was employed, combining quan-
titative survey data from 1150 manufacturing companies across twelve sectors
with qualitative insights from 115 stakeholder interviews. The study achieved
a 68.5% response rate, with respondents representing small (26.2%), medium
(24.1%), and large (49.7%) enterprises. Ten hypotheses organized across tech-
nological, performance, organizational, and environmental dimensions were
tested using correlation analysis, t-tests, ANOVA, and chi-square analysis.
Findings: The findings reveal an 80.6% AI adoption rate across the surveyed
population. Organizations addressing all four framework dimensions—tech-
nological infrastructure, organizational readiness, workforce capabilities, and
external environment—achieved 76.8% implementation success compared to
32.4% for limited approaches. Hypothesis testing confirmed nine of ten hy-
potheses. Implementation challenges span workforce (71.3%), technical (67.8%),
and organizational (58.9%) dimensions, with skills shortages (84.2%) and data
quality issues (72.4%) as primary barriers. Quality improvements emerged as
the strongest benefit dimension (53.4% positive, mean 2.56), with average de-
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fect reductions of 47.3%. Financial validation confirms 68.4% achieved positive
RO, averaging 147% for comprehensive implementations. Future trajectories
indicate that 77.6% of organizations plan investment increases, while work-
force expectations show 45.7% anticipating job creation versus 23.4% expect-
ing reductions. Practical Implications: Evidence-based implementation guide-
lines demonstrate that phased approaches achieve 72.4% success, versus 43.8%
for immediate deployment; comprehensive training is associated with 71.4%
higher success rates; and hands-on training reaches 82.7% effectiveness, versus
34.2% for lecture-based approaches. These findings enable manufacturing or-
ganizations to prioritize high-impact practices and establish realistic perfor-
mance expectations. Theoretical Implications: This research contributes to
technology adoption theory by empirically validating an integrated TOE-RBV -
TAM framework, demonstrating that multidimensional approaches signifi-
cantly outperform single-dimensional strategies. The synergistic effects ob-
served (52.3% versus 28.7% improvement for multi-application implementa-
tions) provide empirical support for resource complementarity concepts within
RBV. Originality/Value: This study addresses the underrepresentation of
Southeast Asian manufacturing contexts in AI implementation research. The
comprehensive framework and evidence-based guidelines provide contextually
appropriate guidance for emerging economy manufacturers, supporting Thai-
land’s Industry 4.0 transformation objectives and informing policy frameworks
for workforce development and technological advancement.

Keywords

Artificial Intelligence, Manufacturing Management, Technology Adoption,
Emerging Economies, Thailand, Eastern Economic Corridor, Implementation
Framework, Industry 4.0, Mixed-Methods Research

1. Introduction
1.1. Background and Context

The integration of artificial intelligence into manufacturing management repre-
sents one of the most significant technological transformations in contemporary
industrial history. As manufacturing organizations worldwide seek competitive
advantages through technological innovation, Al technologies have emerged as
fundamental enablers of operational excellence, quality improvement, and strate-
gic differentiation. This technological revolution carries particular significance for
emerging manufacturing economies, where Al adoption patterns, implementa-
tion challenges, and performance outcomes may differ substantially from those
observed in developed industrial contexts. The potential for Al to transform man-
ufacturing operations spans multiple dimensions, including production planning
and scheduling, quality control and assurance, predictive maintenance, supply
chain optimization, and strategic decision-making.

Thailand’s manufacturing sector contributes approximately 25% - 27% of the
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nation’s gross domestic product, positioning manufacturing as a cornerstone of
economic development and international competitiveness (Walderich, 2024). The
sector encompasses diverse industries, including automotive and transportation
equipment, electronics and electrical appliances, food processing, textiles and ap-
parel, chemical products, and medical devices, creating a complex industrial land-
scape with varying technological readiness levels and competitive dynamics. The
Eastern Economic Corridor (EEC), established as Thailand’s flagship develop-
ment initiative under the Thailand 4.0 policy framework, concentrates advanced
manufacturing activities across the provinces of Chonburi, Rayong, and Chachoeng-
sao, creating an industrial ecosystem that serves as the primary focus for national
technological advancement strategies (EEC, 2024; BOI, 2023).

This geographic concentration of manufacturing capabilities provides a unique
opportunity to examine Al implementation patterns within an emerging economy
context characterized by diverse organizational types, varying technological read-
iness levels, and distinct competitive pressures. The EEC region hosts manufac-
turing facilities ranging from small enterprises with fewer than 50 employees to
multinational corporations with thousands of workers, enabling a comprehensive
examination of how organizational scale influences AI adoption approaches and
implementation outcomes. Furthermore, the presence of both traditional manu-
facturing sectors and technology-intensive industries within this region facilitates
cross-sectoral analysis that reveals industry-specific patterns in AI deployment
strategies and performance impacts.

The convergence of Industry 4.0 principles with AI capabilities has created un-
precedented opportunities for manufacturing transformation. Predictive analytics
enables manufacturers to anticipate equipment failures and optimize mainte-
nance schedules, reducing unplanned downtime and extending asset lifecycles.
Machine learning algorithms support production planning optimization, demand
forecasting, and inventory management decisions that improve operational effi-
ciency and resource utilization. Computer vision systems enhance quality control
processes by automating defect detection and classification, surpassing human in-
spection accuracy and consistency. Natural language processing applications fa-
cilitate knowledge management, technical documentation analysis, and improve-
ments in human-machine interaction, thereby enhancing organizational learning
and decision-support capabilities.

Global research indicates that Al adoption in manufacturing has accelerated
significantly in recent years, with organizations implementing AI technologies
across diverse functional areas (Arinez et al., 2020; Lee et al., 2018). Studies con-
ducted in developed economies have documented substantial performance im-
provements from Al implementation, including production efficiency gains of 15-
30%, reductions in quality defects of 20% - 50%, and maintenance cost savings of
10% - 40% (Cinar et al., 2020; Dalzochio et al., 2020). However, the transferability
of these findings to emerging economy contexts remains uncertain, as implemen-

tation success depends on factors such as technological infrastructure, workforce
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capabilities, and institutional environments that differ markedly across levels of
economic development.

Despite the strategic importance of Al in manufacturing, significant knowledge
gaps persist regarding implementation dynamics in emerging economy contexts.
Existing research has predominantly examined AI adoption in developed manu-
facturing economies, including the United States, Germany, Japan, and South Ko-
rea, where infrastructure capabilities, workforce skills, and institutional environ-
ments differ markedly from conditions in emerging markets (Tortorella et al.,
2019; Raj et al., 2020). This geographic research concentration has limited the de-
velopment of implementation frameworks and guidelines that adequately address
the unique circumstances facing manufacturers in developing economies. South-
east Asian manufacturing contexts, despite their growing importance in global sup-
ply chains, remain underrepresented in academic literature examining AI imple-

mentation patterns and outcomes (Intalar et al., 2024; Thanyawatpornkul, 2024b).

1.2. Research Problem and Rationale

The rapid proliferation of AI technologies in global manufacturing creates both
opportunities and challenges for organizations in emerging economies. While Al
offers transformative potential for operational improvements and competitive po-
sitioning, manufacturing companies in Thailand and similar contexts face distinc-
tive implementation barriers related to technological infrastructure limitations,
workforce capability gaps, financial resource constraints, and regulatory uncer-
tainties. These challenges necessitate systematic investigation to develop evi-
dence-based frameworks that guide successful Al integration in contexts where
existing research provides limited guidance. The absence of region-specific imple-
mentation knowledge creates risks of inappropriate technology selection, inade-
quate preparation, and suboptimal resource allocation that may result in imple-
mentation failures or underperformance.

Five critical issues frame the research problem addressed in this investigation.
First, the absence of standardized implementation frameworks creates uncertainty
regarding systematic approaches to Al integration in manufacturing environ-
ments. Organizations lack evidence-based guidance for navigating the complex
technological, organizational, and environmental factors that influence imple-
mentation success. Previous research has proposed various implementation mod-
els, but these frameworks have been developed primarily from developed-econ-
omy experiences and may require substantial adaptation for emerging-market
contexts where infrastructure, capabilities, and institutional factors differ signifi-
cantly (Ghobakhloo, 2020; Masood & Sonntag, 2020).

Second, the ethical implications of Al deployment, including concerns about
workforce displacement, algorithmic bias, and decision-making transparency, re-
quire careful examination within cultural and institutional contexts that differ
from those in which existing ethical frameworks were developed. Thai manufac-

turing organizations operate within social and cultural norms that emphasize re-
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lationship preservation, hierarchical respect, and collective harmony, creating
unique considerations for Al implementation that affect workforce roles and or-
ganizational decision-making processes (Pimpa, 2012; Charoensukmongkol,
2015). Understanding how these cultural factors influence Al acceptance and im-
plementation approaches is essential for developing context-appropriate deploy-
ment strategies.

Third, workforce development requirements for successful Al implementation
demand investigation, as skills gaps and training needs in emerging-economy
manufacturing contexts may differ significantly from those documented in devel-
oped-market research. The availability of technical expertise, educational infra-
structure for skills development, and organizational capacity for training program
delivery influence implementation success in ways that require context-specific
examination. Fourth, data quality and management challenges, which are funda-
mental to Al system effectiveness, require examination within manufacturing en-
vironments characterized by varying levels of digital maturity and information
infrastructure development. Many manufacturing organizations in emerging
economies operate with legacy systems and limited data integration capabilities,
creating unique challenges for AI deployment.

Fifth, financial considerations, including investment requirements, cost-benefit
relationships, and return on investment timeframes, demand empirical investiga-
tion to establish realistic expectations and justify AI adoption decisions. Manufac-
turing organizations in emerging economies often face capital constraints and com-
peting investment priorities, necessitating clear evidence of AI’s business value be-
fore committing substantial resources to implementation initiatives. Understanding
the financial dynamics of Al implementation in emerging economy contexts ena-
bles more informed investment decisions and realistic performance expectations.

The theoretical foundation for this investigation integrates three complemen-
tary perspectives that collectively address the multidimensional nature of Al im-
plementation in manufacturing. The Technology-Organization-Environment (TOE)
framework, developed by Tornatzky and Fleischer (1990), provides a systematic
structure for examining technological, organizational, and environmental factors
that influence technology adoption decisions and outcomes. The Resource-Based
View (RBV), grounded in Barney’s (1991) work, provides insights into how or-
ganizational resources and capabilities enable competitive advantage through
technological implementation. The Technology Acceptance Model (TAM), intro-
duced by Davis (1989), illuminates the factors influencing technology adoption at
the individual and organizational levels, particularly perceived usefulness and ease
of use. This integrated theoretical approach enables a comprehensive examination
of Al implementation dynamics that single-theory perspectives cannot adequately

capture.

1.3. Research Objectives

This research addresses the following objectives designed to advance both theo-
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retical understanding and practical application of AI in manufacturing manage-
ment:

Objective 1: To develop a comprehensive framework for integrating Al tech-
nologies into manufacturing management systems within Thailand’s Eastern In-
dustrial Region, encompassing technological infrastructure, organizational readi-
ness, workforce capabilities, and external environment dimensions.

Objective 2: To identify and analyze the primary challenges faced by manufac-
turing companies during Al implementation, including technical barriers, organ-
izational obstacles, workforce-related difficulties, and external environmental
constraints.

Objective 3: To evaluate the impact of Al integration on manufacturing per-
formance across multiple dimensions, including production efficiency, product
quality, cost reduction, decision-making processes, and overall competitiveness.

Objective 4: To assess future trajectories of AI implementation and organiza-
tional expectations for continued AI adoption, expansion, and workforce trans-
formation within Thailand’s manufacturing sector.

Objective 5: To develop practical, evidence-based implementation guidelines
that enhance AI deployment success rates and enable manufacturing organiza-

tions to realize sustainable benefits from AI investments.

1.4. Significance and Contributions

This research makes significant contributions to both theoretical knowledge and
practical applications in Al implementation in manufacturing management.
From a theoretical perspective, integrating the TOE, RBV, and TAM frameworks
into a comprehensive model advances understanding of the complex, multidi-
mensional factors that influence Al adoption and implementation success. This
theoretical integration addresses the limitations of single-theory approaches,
which inadequately capture the full complexity of technology adoption in manu-
facturing contexts. The empirical validation of framework components, based on
an analysis of 1,150 manufacturing companies, provides robust evidence for the-
oretical propositions while identifying context-specific adaptations required for
applications in emerging economies.

The empirical investigation extends current knowledge beyond the developed-
economy focus that characterizes the existing literature. By examining Al imple-
mentation in Thailand’s Eastern Industrial Region, this research provides insights
into technology adoption patterns, implementation challenges, and performance
outcomes in emerging economies that have received limited scholarly attention.
The mixed-methods approach, combining quantitative survey data with qualita-
tive interview insights from 115 stakeholders, enables both pattern identification
and contextual depth, thereby strengthening the validity and applicability of the
research conclusions. The comprehensive sample, covering 12 manufacturing sec-
tors and a wide range of organization sizes, provides evidence supporting gener-

alizations across diverse manufacturing contexts within emerging economic envi-
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ronments.

From a practical perspective, the evidence-based implementation framework
and guidelines developed through this research provide actionable guidance for
manufacturing organizations seeking to adopt AI technologies. Identifying critical
success factors enables organizations to prioritize investment areas that maximize
the likelihood of successful implementation. Documenting challenge patterns
across implementation stages supports proactive barrier mitigation, reducing im-
plementation risks and accelerating value realization. The sector-specific insights
generated through cross-industry analysis enable organizations to benchmark
their approaches against similar manufacturing contexts while identifying adap-
tation requirements appropriate to their specific circumstances.

The policy implications extend to government agencies and industry develop-
ment organizations concerned with promoting technological advancement in
manufacturing sectors. Evidence regarding infrastructure requirements informs
public investment priorities that create enabling environments for Al adoption.
Workforce development findings support educational policy frameworks that ad-
dress skills gaps constraining technology implementation. Regulatory considera-
tions identified through this research inform policy approaches that balance in-
novation promotion with appropriate oversight mechanisms addressing legiti-
mate concerns about workforce impacts, data privacy, and algorithmic accounta-
bility. The Thailand National AI Strategy and Action Plan (2022-2027) empha-
sizes the importance of Al adoption in manufacturing, making this research
timely and relevant for national development initiatives (MHESI & MDES, 2023).

Through these theoretical and practical contributions, the research will advance
understanding of Al implementation in manufacturing management and provide
guidance to support successful technological transformation. The findings of the
research will provide a baseline for the manufacturing context of emerging econ-
omies, while identifying areas where continued research and development are
needed as Al technologies and their implementation continue to evolve. The com-
prehensive nature of this investigation, examining adoption patterns, implemen-
tation challenges, performance outcomes, and future trajectories, provides a foun-
dation for evidence-based decision-making by manufacturing organizations, pol-
icymakers, and researchers concerned with AI’s role in contemporary industrial

development.

2. Literature Review

2.1. Introduction

The literature review provides a comprehensive examination of existing research
on artificial intelligence in manufacturing, establishing the theoretical and empir-
ical foundation for investigating the dynamics of AI implementation. The review
synthesizes conceptual frameworks, empirical studies on Al applications and per-
formance impacts, and theoretical perspectives, including the TOE framework,

Resource-Based View, and Technology Acceptance Model, while identifying sig-
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nificant knowledge gaps regarding AI implementation in emerging-economy

manufacturing contexts, such as Thailand’s Eastern Industrial Region.

2.2. Conceptualizing Artificial Intelligence in Manufacturing

Artificial intelligence has undergone significant evolution since John McCarthy
first coined the term at the Dartmouth Conference in 1955, defining it as the sci-
ence and engineering of making intelligent machines (McCarthy et al., 1955). In-
itial conceptualizations focused on simulating human cognitive functions, partic-
ularly problem-solving and decision-making capabilities. Russell and Norvig
(2021) refined Al conceptualization by categorizing approaches into four para-
digms: systems that think like humans, systems that act like humans, systems that
reason, and systems that act rationally, highlighting fundamental differences in
research goals and methodologies that continue shaping both academic inquiry
and practical implementation.

As Al applications expanded into manufacturing domains, the concept as-
sumed specific dimensions reflecting unique industrial requirements. Lee et al.
(2020) defined manufacturing Al as computational systems that augment human
capabilities in perceiving complex patterns, making decisions under uncertainty,
and taking actions in dynamic industrial environments, emphasizing collabora-
tive human-machine intelligence rather than complete automation. Wang and
Wang (2018) described Al in manufacturing as advanced algorithms enabling
production systems to learn from experience, adapt to changing conditions, and
perform tasks traditionally requiring human cognition. These definitions high-
light learning and adaptive characteristics particularly valuable in dynamic man-
ufacturing environments.

Conceptualizations of Al in manufacturing have evolved along several diver-
gent paths. One significant divergence concerns whether AI systems should emu-
late human cognitive processes or optimize specific functions regardless of bio-
logical parallels. Human-centric approaches argue that manufacturing Al should
incorporate design principles prioritizing human values and collaborative inter-
action (Rozanec et al., 2022), while function-oriented perspectives prioritize per-
formance optimization through advanced analytics (Arinez et al., 2020). Another
division concerns autonomy: some researchers envision Al primarily as an aug-
mentative tool that enhances human capabilities (Kaplan & Haenlein, 2019),
whereas autonomy-oriented conceptualizations emphasize independent decision-
making with minimal human intervention (Lee et al., 2018).

Despite divergences, commonalities emerge across definitions. Most conceptu-
alizations acknowledge data-centricity as fundamental, recognizing that manufac-
turing AI derives capabilities from processing vast operational data (Lee et al.,
2020; Tao et al., 2018). Adaptability and learning emerge as core attributes, with
researchers agreeing that manufacturing AI must improve performance through
experience (Lu et al., 2020). Most conceptualizations emphasize a goal-oriented

nature focused on operational objectives such as efficiency improvement, quality
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enhancement, and cost reduction (Frank et al., 2019). Based on this analysis, this
study adopts an integrated definition: Al in manufacturing is the application of
computational systems that perceive, learn from, and reason about manufacturing
environments to augment or automate decision-making across the production

lifecycle, enhancing efficiency, quality, adaptability, and sustainability.

2.3. Empirical Research on Al in Manufacturing

2.3.1. Research Objectives and Performance Outcomes

Empirical research on Al in manufacturing has pursued multiple objectives, ad-
vancing understanding of technological transformation. Findings from 78 papers
of Maier et al. (2024) reveal that Al significantly contributes to predictive mainte-
nance, risk mitigation, and quality control, with machine learning and deep learn-
ing being the predominant technologies. Quality enhancement has commanded
significant attention, with Villalba-Diez et al. (2019) examining deep learning al-
gorithms for quality control and Weichert et al. (2019) investigating automated
visual inspection systems demonstrating AI’s potential to transform quality man-
agement. Supply chain optimization studies by Ivanov et al. (2018) and Baryannis
et al. (2018) demonstrate growing interest in predictive risk assessment and pro-
active mitigation strategies.

Research has documented significant efficiency gains from implementing Al
Research reports increased production efficiency by more than 15%, reduced
quality defects by more than 20%, and saved more than 10% on maintenance costs
(Cinar et al., 2020; Dalzochio et al., 2020). Kiangala and Wang (2018) documented
how machine learning enables effective maintenance scheduling, resulting in sig-
nificant cost savings. Duan et al. (2019) identified how AI reshapes managerial
decision-making through data-driven support systems. Strategic transformation
objectives have examined how Al catalyzes broader digital transformation, with
Ghobakhloo (2020) finding that manufacturers increasingly view Al as a strategic
enabler of new capabilities. Sustainability improvement has emerged as signifi-
cant, with Sharma et al. (2022) examining how intelligent systems contribute to

environmental performance monitoring.

2.3.2. Sample Characteristics and Geographic Distribution

Sample characteristics reveal distinct patterns, with large multinational corpora-
tions historically dominating research. Tortorella et al. (2020) reported that 57%
of the 135 surveyed Brazilian manufacturing firms had more than 500 employees.
SME-focused research has gained attention, with Mittal et al. (2018) reporting that
only 22% of reviewed studies included SMEs as primary subjects, while Miiller et
al. (2021) surveyed 221 German SMEs to examine how absorptive capacity and
innovation strategy influence the design of Industry 4.0 business models. Geo-
graphical distribution reveals regional concentrations, with European and North
American contexts receiving substantial attention. Asian contexts have been well-
represented, with Hong et al. (2025) examining 426 Chinese firms. Emerging
economy research has expanded through studies by Polisetty et al. (2023), which
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surveyed 866 Indian firms, and Heimberger et al. (2024), which examined 1334
German firms. However, Southeast Asian contexts, including Thailand, remain

underrepresented despite growing economic importance.

2.3.3. Implementation Challenges

Research consistently identifies multiple implementation challenge categories.
Technical integration difficulties, including data interoperability and legacy sys-
tem compatibility, represent significant barriers (Chatterjee et al., 2021; Moeuf et
al., 2017). Data quality issues, including consistency, accuracy, and integrity,
emerge as primary technical challenges (Chukwurah et al., 2024). Infrastructure
limitations particularly affect SMEs and manufacturers in developing regions due
to inadequate IT resources and expertise. Organizational readiness is critical, with
studies highlighting that successful implementation requires strong leadership
support, an innovation-oriented culture, and effective change management (Haut-
vast, 2024; Tjebane et al., 2022). Johnk et al. (2020) found organizational readi-
ness, top management support, and willingness to innovate essential for leverag-
ing AI’s business value.

Workforce implications are a dominant theme in discussions of skill require-
ments and employment concerns. Studies show that Al integration has height-
ened workers’ anxieties about job security and skill obsolescence (Chiarini et al.,
2023), and research indicates that Al-induced job insecurity is linked to reduced
satisfaction and psychological well-being (Chuang et al., 2025). Technical skills
shortages persist as barriers, with Babashahi et al. (2024) emphasizing that Al in-
tegration requires versatile skill sets that blend technical proficiency with adapta-
bility. Economic considerations play a central role, with studies showing that
adoption rates among SMEs remain low due to high investment costs and limited
access to credit (Baio Junior & Carrer, 2022). Biichi et al. (2020) observed that
technology adoption transforms cost structures from labor-intensive to capital-

intensive models.

2.4. Theoretical Framework

2.4.1. Technology-Organization-Environment (TOE) Framework

The Technology-Organization-Environment (TOE) framework, developed by
Tornatzky and Fleischer (1990), provides a comprehensive lens for understanding
technology adoption by examining three contextual factors: technological charac-
teristics, organizational attributes, and environmental influences. Wang and Su
(2021) employed TOE to analyze Industry 4.0 adoption across 186 firms, identi-
fying technological compatibility, organizational readiness, and competitive pres-
sure as significant predictors of success. Siddoo et al. (2019) utilized TOE to ex-
amine digital technology adoption in Thai manufacturing, highlighting the im-
portance of government policy within an environmental context. Zhang et al.
(2017) found that while technological factors dominate early adoption decisions,
organizational and environmental factors become increasingly important for

long-term success. The framework’s flexibility enables the incorporation of con-
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text-specific factors relevant to emerging economies, where regulatory environ-

ments and infrastructure constraints create unique barriers.

2.4.2. Resource-Based View (RBV)

The Resource-Based View, grounded in Barney’s (1991) work, provides theoreti-
cal grounding for understanding how organizational resources and capabilities
influence competitive advantage through technological implementation. Accord-
ing to RBV, firms possess heterogeneous resource bundles that, when valuable,
rare, inimitable, and non-substitutable, generate sustained competitive advantages.
Bag et al. (2021) demonstrated that digital capabilities significantly influence In-
dustry 4.0 success, while Ghobakhloo and Ching (2019) found that firms with su-
perior technological resources achieve better transformation outcomes. Exten-
sions incorporating dynamic capabilities prove particularly relevant, with Torto-
rella et al. (2020) arguing that manufacturing firms require dynamic capabilities
to reconfigure resource bases. Kamble et al. (2020) identified internal organiza-
tional barriers—such as inadequate IT infrastructure, limited financial resources,
and weak leadership commitment—that constrain Industry 4.0 adoption. These
align with the Resource-Based View, which emphasizes the role of internal capa-

bilities in enabling technological innovation.

2.4.3. Technology Acceptance Model (TAM)

The Technology Acceptance Model, developed by Davis (1989), provides a foun-
dation for understanding individual-level technology acceptance through the con-
structs of perceived usefulness and ease of use. Abu Bakar et al. (2022) employed
integrated TAM and Technology Readiness Index to examine factory workers’ ac-
ceptance of industrial automation in Malaysia, finding that perceived usefulness
and ease of use remain significant predictors. Cao et al. (2019) revealed that per-
ceived norms significantly affect organizational intention to use automation tech-
nology. Haynes et al. (2024) developed the Technology Acceptance in Manufac-
turing Environment (TAME) model by extending UTAUT constructs to include
organizational readiness components, achieving 86% explanatory power with a
sample of 823 manufacturing employees. These findings demonstrate the value of
contextually adapted frameworks that account for manufacturing’s unique char-

acteristics.

2.4.4. Integrated Theoretical Framework

This research integrates TOE, RBV, and TAM perspectives into a comprehensive
theoretical framework. TOE provides an overarching structure for examining
technological, organizational, and environmental factors. RBV contributes in-
sights into how resource configurations and dynamic capabilities enable compet-
itive advantages. TAM illuminates the factors influencing user perceptions of
technology acceptance. This integration addresses the limitations of single-theory
approaches, which inadequately capture the complexity of Al implementation.

The framework recognizes that successful implementation requires simultaneous
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attention to technological infrastructure readiness, organizational capabilities and
culture, workforce acceptance and skills development, and external environmen-
tal factors. These dimensions interact dynamically throughout implementation,
with technological readiness influencing resource allocation, organizational cul-
ture affecting workforce acceptance, and environmental pressures shaping tech-

nological choices and the urgency of implementation.

2.5. Research Gaps and Justification

Despite extensive research on Al in manufacturing, significant gaps remain to be
investigated. Geographic research disparities represent a fundamental gap, with
most research concentrated in developed economies while Southeast Asian con-
texts remain underrepresented (Manantan, 2020; Putra, 2024). Thailand’s manu-
facturing sector contributes approximately 27-30% of GDP, with 4.46 trillion Thai
baht in 2023 (Walderich, 2024), yet academic research has not kept pace with na-
tional Al initiatives. Implementation challenges in emerging economies differ sig-
nificantly from those in developed nations, with data quality limitations, limited
understanding of cognitive technologies, privacy concerns, and prohibitively ex-
pensive technologies being particularly acute (Sharma et al., 2022). Thailand’s Na-
tional Al Strategy and Action Plan (2022-2027) emphasizes Al development
across key industries (NECTEC, 2023; MHESI & MDES, 2023), creating an im-
perative for research examining implementation within Thai manufacturing con-
texts.

SME-focused research in emerging economies represents a particularly under-
studied area. Despite SMEs constituting approximately 99% of Thai manufactur-
ing enterprises and employing over 80% of the industrial workforce, research on
their experiences with Al implementation remains limited. Peretz-Andersson et
al. (2024) noted that knowledge about AI implementation by SMEs remains un-
derexplored, particularly where AI could drive profound transformation. SMEs
face unique constraints, including limited awareness, restricted access to Al-capa-
ble talent, and limited investment capacity (Lu et al., 2022). Cross-cultural dimen-
sions of Al implementation require further investigation, as Thai manufacturing
culture, influenced by Buddhist philosophy and hierarchical social structures, may
affect adoption patterns differently than in Western contexts (Pimpa, 2012). Lon-
gitudinal impact studies are notably absent, with most research focusing on initial
implementation phases rather than sustained performance and workforce adap-
tation (Espina-Romero et al., 2024).

Research specific to Thailand’s Eastern Industrial Region remains limited de-
spite its strategic importance to national industrial policy and Thailand 4.0 objec-
tives. Traditional manufacturing sectors crucial to Thailand’s economy, including
textiles and food processing, have received minimal attention regarding Al imple-
mentation challenges despite forming significant economic components (Hays,
2014). The absence of comprehensive frameworks tailored to emerging economic

contexts constitutes another critical gap, as existing frameworks reflect developed-
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economy realities and mature technological infrastructures. These identified gaps
justify the present research’s focus on developing a comprehensive, contextually
relevant framework for AI integration that addresses technological, organiza-

tional, and human factors within Thailand’s specific industrial context.

2.6. Summary

This literature review has examined Al integration in manufacturing through
analysis of conceptual frameworks, empirical studies, and theoretical approaches.
The examination reveals AI's evolution from early theoretical formulations to
contemporary understandings emphasizing adaptive, goal-oriented systems within
cyber-physical environments. Empirical studies demonstrate substantial perfor-
mance impacts with documented improvements in efficiency, quality, and deci-
sion-making, while consistently showing that success depends on organizational
readiness, leadership commitment, workforce development, and data manage-
ment alongside technological sophistication. The integrated theoretical frame-
work combining TOE, RBV, and TAM perspectives provides a comprehensive
analytical structure that addresses limitations of single frameworks while enabling
multidimensional analysis. Critical gaps identified include limited research on
Southeast Asia despite its economic significance, insufficient studies focused on
SMEs, unexplored cross-cultural dimensions, and the absence of longitudinal as-
sessments. These findings lay the foundation for the research design detailed in
Chapter 3, addressing identified gaps through a comprehensive examination of Al

implementation in Thailand’s Eastern Industrial Region.

3. Research Methodology

3.1. Introduction

The research methodology employs an explanatory sequential mixed-methods de-
sign to investigate the implementation of artificial intelligence in manufacturing
management across Thailand’s Eastern Industrial Region. The methodological
framework encompasses philosophical foundations, research design, data collec-
tion instruments and procedures, analytical techniques, and validity and reliabil-
ity measures to ensure rigorous investigation of Al adoption patterns and imple-

mentation experiences across diverse manufacturing contexts.

3.2. Research Design

This research employed an explanatory sequential mixed-methods design, com-
bining quantitative survey methods with qualitative interviews to comprehen-
sively investigate Al implementation in manufacturing management. The sequen-
tial design initiated with quantitative data collection through structured surveys
distributed to manufacturing companies across Thailand’s Eastern Industrial Re-
gion, followed by qualitative interviews with stakeholders representing diverse or-
ganizational roles and perspectives. This methodological integration was designed

to capture both statistical patterns across the manufacturing population and de-
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tailed contextual insights explaining observed phenomena. The quantitative phase
aimed to establish prevalence rates, success factors, and performance impacts
through structured survey instruments. In contrast, the qualitative phase was de-
signed to provide explanatory depth through semi-structured interviews explor-
ing implementation experiences, challenges, and strategic considerations that
quantitative measures alone cannot fully capture.

The philosophical foundation underlying this research draws from pragmatist
epistemology, which prioritizes practical consequences and real-world applicabil-
ity of knowledge while accepting methodological pluralism as appropriate for ad-
dressing complex research questions. This pragmatic orientation justified the
mixed-methods approach by emphasizing that understanding AI implementation
phenomena requires both generalizable statistical evidence and contextually rich
qualitative insights. The research paradigm acknowledges that manufacturing or-
ganizations operate within complex sociotechnical systems in which technologi-
cal, organizational, and human factors interact dynamically, necessitating meth-
odological approaches that capture this complexity while maintaining scientific

rigor and practical relevance for stakeholders seeking actionable guidance.

3.3. Theoretical Framework and Hypotheses

The theoretical framework integrates three complementary perspectives to pro-
vide a comprehensive understanding of the dynamics of Al implementation. The
Technology-Organization-Environment (TOE) framework developed by Tor-
natzky and Fleischer (1990) establishes the foundational structure by identifying
technological characteristics, organizational factors, and environmental influ-
ences as primary determinants of technology adoption decisions. The Resource-
Based View (RBV) articulated by Barney (1991) complements this perspective by
emphasizing how organizational resources and capabilities influence implemen-
tation success and the realization of competitive advantage. The Technology Ac-
ceptance Model (TAM) proposed by Davis (1989) provides insights into user-per-
ception factors, including perceived usefulness and ease of use, that influence
technology adoption and utilization effectiveness.

The integration of these theoretical perspectives addresses limitations inherent
in single-theory approaches that cannot adequately capture the multidimensional
complexity of Al implementation in manufacturing contexts. While the TOE
framework provides a macro-level understanding of adoption determinants, RBV
illuminates the requirements for capability development, and TAM explains indi-
vidual acceptance patterns. Their synthesis creates a comprehensive theoretical
model capable of explaining Al implementation phenomena across technological,
organizational, workforce, and environmental dimensions simultaneously. This
integrated theoretical framework guided hypothesis development, instrument de-
sign, and analytical interpretation throughout the research process (see Figure 1).

Based on the integrated theoretical framework and comprehensive literature

review, ten hypotheses (H) were developed to guide the empirical investigation.
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Figure 1. Integrated theoretical framework for AI implementation in manufacturing.

These hypotheses are organized into four categories that reflect the framework’s
dimensions: technological context, performance outcomes, organizational con-
text, and environmental context. Each hypothesis is grounded in established the-
ory and supported by prior empirical research, while addressing specific aspects
of Al implementation in Thailand’s manufacturing sector.

Technological Context Hypotheses. The first hypothesis addresses the rela-
tionship between technology characteristics and adoption decisions, drawing
from the TOE framework’s technological context and TAM’s emphasis on per-
ceived compatibility.

H1: The perceived compatibility of Al technologies with existing manufactur-
ing systems positively influences AI adoption rates.

This hypothesis is grounded in research by Trunzer et al. (2019) and Wang and
Su (2021), which demonstrate that compatibility with existing infrastructure sig-
nificantly impacts technology implementation decisions across diverse industrial
contexts. Shah et al. (2024) emphasized that manufacturers with high system com-
patibility and fewer integration challenges were more likely to succeed in Al im-

plementation, although no quantitative ratio was reported.
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H2: Manufacturing companies that implement multiple complementary Al
technologies will report higher operational benefits than those implementing sin-
gle, isolated applications.

The second hypothesis addresses the synergistic effects of technology integra-
tion. This hypothesis draws from RBV’s resource complementarity concept, with
Frank etal. (2019) and Lee et al. (2018) documenting that when predictive mainte-
nance, quality control, and production scheduling Al systems operate in concert,
they create emergent capabilities for manufacturing resilience that cannot be
achieved independently. Chen et al. (2023) emphasized that manufacturers inte-
grating Al across multiple functional areas reported significantly greater produc-
tivity gains than those using isolated applications, although no specific percentage
difference was quantified.

Performance Outcome Hypotheses. Four hypotheses (H3, H4, H5, H6) exam-
ine AT’s impact on manufacturing performance dimensions, addressing the fun-
damental question of whether Al implementation delivers measurable operational
value.

H3: The implementation of Al technologies is positively associated with im-
provements in operational efficiency.

H4: The implementation of AI technologies is positively associated with en-
hancements in product quality.

H5: The implementation of Al technologies is positively associated with reduc-
tions in production and operational costs.

These three hypotheses (H3, H4, H5) are supported by substantial empirical
evidence from Frank et al. (2019), Parhi et al. (2022), and Oztemel and Gursev
(2018) documenting that firms with higher degrees of technological integration
consistently achieve superior operational efficiencies, improved production accu-
racy, and significant cost reductions.

Hé: Quality improvement will be the most frequently reported benefit of Al
implementation across manufacturing sectors in Thailand’s Eastern Industrial
Region.

This hypothesis is supported by research from Schmitt et al. (2020) and Chen
et al. (2023), which indicates that quality control consistently emerges as the most
successful Al application area. The theoretical foundation rests on inherent Al
capabilities, particularly computer vision and machine learning algorithms, to de-
tect subtle variations and patterns beyond human perceptual capabilities, operat-
ing continuously without fatigue and ensuring consistent inspection standards.
Multiple studies substantiate substantial accuracy gains. Sundaram and Zeid
(2023) achieved an impressive 99.86% inspection accuracy for casting products,
while Weiss (2024) developed a system with over 99.5% accuracy in electronic
component inspection.

Organizational Context Hypotheses. Two hypotheses (H7, H8) examine how
organizational characteristics influence AI implementation patterns and out-

comes.
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H7: Company size will be positively associated with the depth and diversity of
Al implementation in Thailand’s manufacturing sector.

This hypothesis is grounded in organizational theory and resource-based per-
spectives, which suggest that larger organizations possess superior resources, ca-
pabilities, and infrastructure for complex technology initiatives (Penrose, 2013;
Barney, 1991). Research by Adebanjo et al. (2023) examining Industry 4.0 imple-
mentation in developing countries documented that larger manufacturing firms
demonstrate significantly higher adoption rates and more comprehensive tech-
nology integration than smaller enterprises. Thanyawatpornkul (2024a) discussed
how multinational corporations in Thailand are more likely to adopt AI due to
greater resources and infrastructure. However, no direct comparison of adoption
rates with domestic firms was reported.

H8: Companies with formal Al training programs will demonstrate higher levels
of Al implementation success than those without structured training initiatives.

This hypothesis is grounded in human capital theory (Becker, 2009) and organ-
izational learning perspectives, emphasizing the critical role of employee knowledge
and skills in successful technology adoption. Liao et al. (2017) and Sharma et al.
(2022) identified workforce development as a critical determinant of successful AI
integration, while Adebanjo et al. (2023) found that Thai manufacturing firms
collaborating with educational institutions reported significantly higher AI work-
force readiness than those relying solely on vendor-provided training. However,
no exact percentage increase was specified.

Environmental Context Hypotheses. Two hypotheses (H9, H10) address how
external environmental factors influence AI adoption patterns.

H9: Companies operating in sectors with higher competitive intensity will ex-
hibit higher AI adoption rates than those in less competitive sectors.

This hypothesis is grounded in competitive dynamics theory and institutional
theory, which suggest that environmental pressures catalyze technology adoption
(Porter, 2011; Teece, 2018). Tornatzky and Fleischer (1990) and Oztemel and
Gursev (2018) documented that manufacturing companies in highly competitive
sectors demonstrate accelerated technology adoption rates. Institutional theory
suggests that competitive environments create isomorphic pressures, driving or-
ganizations toward similar technology adoption patterns as they seek to match or
exceed competitors’ capabilities (DiMaggio & Powell, 1983).

H10: Multinational manufacturing operations will show higher AI adoption
rates and implementation maturity than domestically-focused enterprises in Thai-
land.

This hypothesis is grounded in international business theory and knowledge
spillover perspectives (Dunning, 2016; Cohen, 2021). Research by Liao et al. (2017)
and Kinkel et al. (2022) found that multinational corporations and their suppliers
exhibit higher adoption rates of advanced manufacturing technologies than purely
domestic enterprises. Thanyawatpornkul (2024b) revealed significant differences

between internationally exposed and domestically focused manufacturers, with
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tier-one suppliers to global automotive manufacturers demonstrating adoption

patterns closely aligned with global industry trends.

3.4. Population and Sampling Strategy

The target population comprises manufacturing companies operating in Thai-
land’s Eastern Industrial Region, specifically the provinces of Chonburi, Rayong,
and Chachoengsao, which collectively constitute the nation’s primary industrial
corridor. This region was selected for its concentration of diverse manufacturing
activities, representation of both multinational and domestic enterprises, and pol-
icy significance as the centerpiece of Thailand’s Eastern Economic Corridor (EEC)
initiative, which promotes advanced manufacturing and technological transfor-
mation. The sampling frame was constructed from official industrial estate regis-
trations and manufacturing association databases, identifying manufacturing es-
tablishments across twelve distinct sectors, including electronics, automotive,
food processing, chemicals, textiles, machinery, plastics, medical devices, furni-
ture, building materials, metal products, and other manufacturing categories.
Stratified random sampling was employed to ensure proportional representa-
tion across sectors and organizational size categories, maintaining sample charac-
teristics reflecting the broader manufacturing population while enabling mean-
ingful subgroup analyses. The stratification approach addressed potential sam-
pling bias by ensuring adequate representation of small, medium, and large enter-
prises across different manufacturing sectors. The sampling strategy planned to
distribute approximately 1700 questionnaires to manufacturing companies across
all twelve sectors within the target region during the designated 12-week data col-
lection period. Since researchers cannot predict in advance how many companies
will respond, the distribution quantity was set to exceed 1500 to ensure an ade-
quate sample size for statistical analysis, even with the moderate response rates
typically observed in organizational surveys. At the end of the designated collec-
tion period, questionnaire acceptance would close, and all received responses
would be compiled for analysis, with the actual sample characteristics and re-
sponse rates reported in the findings chapter. The sampling strategy aimed to cap-
ture diverse organizational contexts, including variations in ownership structure
(multinational versus domestic), technological sophistication, and export orien-
tation, to enable a comprehensive analysis of factors influencing AI implementa-

tion patterns.

3.5. Data Collection Instruments

The quantitative data collection employed structured survey instruments devel-
oped through systematic processes ensuring content validity, construct validity,
and reliability. The survey instrument comprised multiple sections addressing or-
ganizational demographics, technology adoption patterns, implementation chal-
lenges, performance impacts, and future implementation intentions. Al imple-

mentation status was measured using categorical classifications that distinguished

DOI: 10.4236/ajibm.2026.161004

70 American Journal of Industrial and Business Management


https://doi.org/10.4236/ajibm.2026.161004

T. Ouanhlee

non-adopters, early adopters, partial adopters, and advanced adopters based on
technology deployment breadth and integration depth. Technology types were as-
sessed through inventory items addressing predictive analytics, machine learning,
computer vision, natural language processing, and robotic process automation
adoption. Application areas examined included quality control, production plan-
ning, predictive maintenance, supply chain optimization, and inventory manage-
ment. Performance impacts were measured using five-point Likert scales as-
sessing improvements in production efficiency, product quality, cost reduction,
decision-making effectiveness, and overall competitiveness following AI imple-
mentation.

Implementation success, serving as the primary outcome variable throughout
this research, was operationally defined as a composite measure derived from four
survey items: 1) achievement of stated implementation objectives rated on a five-
point scale from “not achieved” to “fully achieved,” 2) sustained operational use
of Al systems for at least six months rated as binary (yes/no), 3) measurable per-
formance improvements in at least one operational dimension rated on a five-
point scale, and 4) organizational intention to expand or continue AI implemen-
tation rated on a five-point scale from “definitely discontinue” to “definitely ex-
pand.” Organizations scoring 4 or above on items 1, 3, and 4, combined with an
affirmative response on item 2, were classified as achieving “implementation suc-
cess.” Organizations meeting fewer than three of these criteria were classified as
“limited success.” This composite approach ensured that success classification
captured both objective outcomes (sustained use, measurable improvements) and
subjective assessments (goal achievement, expansion intentions), providing ro-
bust measurement of implementation outcomes across diverse organizational
contexts.

Instrument development followed established procedures to ensure measure-
ment quality. Content validity was established through expert review panels com-
prising academic researchers specializing in technology management and indus-
try practitioners with experience in Al implementation, who evaluated instrument
items for relevance, clarity, and comprehensiveness. Pilot testing with a subset of
manufacturing organizations enabled refinement of question wording, response
options, and survey flow based on respondent feedback and preliminary reliability
analysis. The final instrument balanced comprehensive coverage of research con-
structs with practical considerations of respondent burden and completion time
to maximize response quality and participation rates.

The qualitative data collection employed semi-structured interview protocols
to elicit detailed accounts of implementation experiences, strategic considera-
tions, and contextual factors influencing Al adoption decisions and outcomes. In-
terview participants were to be purposively selected to represent diverse organi-
zational roles, including operations managers, production engineers, IT manag-
ers, C-suite executives, and frontline workers, ensuring comprehensive perspec-

tive coverage across functional areas affected by Al implementation. Interview
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protocols addressed implementation motivations, technology selection processes,
deployment approaches, challenges encountered, patterns of benefit realization,
and future implementation intentions, enabling rich contextual understanding to

complement quantitative findings.

3.6. Data Collection Procedures

Quantitative data collection proceeded through systematic distribution of survey
instruments to manufacturing organizations via multiple channels, including in-
dustrial estate management offices, manufacturing association networks, and di-
rect organizational contact. Survey administration was planned over 12 weeks,
with follow-up reminders at 2-week intervals to maximize response rates while
respecting organizational schedules and operational demands. Response valida-
tion procedures were established to verify data quality through consistency checks,
completeness verification, and outlier identification, with protocols for excluding
incomplete or inconsistent responses from final analysis. Multiple distribution
channels were employed to enhance accessibility and response rates across differ-
ent organizational types and sizes.

Qualitative data collection involved semi-structured interviews with stakehold-
ers across participating organizations, with interviews planned to last 45 - 90
minutes and recorded with participant consent for subsequent transcription and
analysis. Interview scheduling was aligned with participant availability while en-
suring adequate representation across organizational roles, company sizes, and
manufacturing sectors. Interview protocols maintained consistency across ses-
sions while allowing flexibility for exploring emergent themes and organization-
specific contexts. All interviews were conducted in Thai to ensure participant
comfort and communication accuracy, with transcription and translation proce-

dures established for analysis.

3.7.Data Analysis Methods

Quantitative data analysis employed statistical techniques appropriate for hypoth-
esis testing and pattern identification across the survey dataset. Descriptive statis-
tics were planned to establish baseline characteristics, including frequency distri-
butions, measures of central tendency, and dispersion metrics for key variables.
Inferential analyses, including correlation, t-tests, analysis of variance, and regres-
sion modeling, were designed to examine relationships between implementation
factors and performance outcomes while testing 10 research hypotheses. Advanced
analytical techniques, including structural equation modeling, were planned to ex-
amine complex multivariate relationships within the integrated theoretical frame-
work. All quantitative analyses were conducted using IBM SPSS Statistics software
to ensure analytical consistency and methodological rigor.

Qualitative data analysis employed thematic analysis procedures following es-
tablished frameworks for systematic coding and interpretation of interview tran-

scripts. Initial coding was designed to identify descriptive categories emerging
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from participant narratives, followed by focused coding to consolidate initial
codes into coherent thematic patterns aligned with the research objectives. Theo-
retical coding was planned to connect emergent themes to the integrated theoret-
ical framework, enabling interpretation within established conceptual structures
while remaining open to novel insights extending existing theory. An intercoder
reliability assessment involving independent coding by multiple researchers was
planned to establish analytical consistency and reduce individual interpretation
bias. The mixed-methods integration strategy involved comparing and synthesiz-
ing quantitative and qualitative findings to develop a comprehensive understand-

ing of Al implementation phenomena.

3.8. Validity and Reliability

Multiple procedures were established to ensure research validity and reliability
across quantitative and qualitative components. Content validity was established
through expert review panels comprising academic researchers and industry prac-
titioners who evaluated instrument items for relevance, clarity, and comprehen-
siveness. Construct validity was to be assessed through factor analysis, confirming
that the measurement items loaded appropriately on the intended constructs and
demonstrating adequate discriminant validity between distinct concepts. Internal
consistency reliability was to be evaluated using Cronbach’s alpha coefficients,
with acceptable thresholds set at 0.70 or higher for all measurement scales. A test-
retest reliability assessment with a subset of respondents was planned to demon-
strate the temporal stability of responses across measurement scales.

Qualitative validity was addressed through multiple strategies, including pro-
longed engagement with participating organizations, triangulation across data
sources and analytical methods, member checking with interview participants to
verify interpretation accuracy, and thick description that enables readers to assess
transferability to other contexts. The mixed-methods integration was designed to
enhance overall research validity through convergent findings across quantitative
and qualitative components, with qualitative insights explaining and extending
statistical patterns. In contrast, quantitative findings would establish the general-

izability of qualitative themes.

3.9. Ethical Considerations

The research adhered to established ethical principles for human subjects re-
search, with appropriate institutional review and approval obtained prior to data
collection. Informed consent procedures ensured that participants understood the
research purposes, intended data use, confidentiality protections, and their rights
to voluntary participation before providing information. Organizational confi-
dentiality was maintained through anonymization procedures, preventing the
identification of specific companies or individuals in research outputs. Data secu-
rity measures, including encrypted storage and restricted access, protected partic-

ipant information throughout the research process. The research design avoided
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deception and minimized participant burden while ensuring the benefits of
knowledge generation justified any research-related inconvenience to participat-

ing organizations.

3.10. Summary

The explanatory sequential mixed-methods design combines quantitative survey
methodology with qualitative interview approaches to enable both statistical gen-
eralization and contextual depth in understanding implementation phenomena.
The integrated theoretical framework synthesizing TOE, RBV, and TAM perspec-
tives guided development of ten hypotheses organized across four categories:
technological context hypotheses (H1-H2) examining compatibility and synergis-
tic implementation effects, performance outcome hypotheses (H3-H6) examining
efficiency, quality, cost, and benefit patterns, organizational context hypotheses
(H7-H8) examining company size and training program effects, and environmen-
tal context hypotheses (H9-H10) examining competitive intensity and interna-
tional exposure influences. Stratified random sampling from manufacturing es-
tablishments across twelve sectors ensures representative coverage of Thailand’s
Eastern Industrial Region manufacturing population. Rigorous validity and relia-
bility procedures were established to ensure research quality, while ethical consid-
erations protect participant interests throughout the investigation. The methodo-
logical framework establishes the foundation for empirical findings presented in

subsequent chapters.

4. Research Findings

4.1. Introduction

The presentation of findings follows the sequential structure of the five research
objectives, beginning with the development of a comprehensive implementation
framework, proceeding to the identification of implementation challenges, the
evaluation of performance impacts, the assessment of future trajectories, and con-
cluding with the development of implementation guidelines. The findings inte-
grate quantitative survey data from 1150 manufacturing companies with qualita-
tive insights from 115 stakeholder interviews, providing both statistical evidence
and contextual understanding of AI implementation phenomena across diverse
organizational contexts.

The quantitative phase achieved responses from 1150 manufacturing compa-
nies, representing a 68.5% response rate from the 1678 questionnaires distributed.
The sample achieved representation across organizational sizes, with small enter-
prises (fewer than 50 employees) comprising 26.2% of respondents (301 compa-
nies), medium enterprises (50 - 199 employees) comprising 24.1% (277 compa-
nies), and large enterprises (200 or more employees) comprising 49.7% (572 com-
panies). Sectoral distribution included electronics (28.7%), automotive and parts
(32.4%), food processing (15.3%), textiles (9.8%), and other manufacturing sec-

tors, including plastics, chemicals, medical devices, furniture, and building mate-
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rials (13.8%). The implementation status revealed that 80.6% of respondents (927
companies) had implemented Al technologies at varying levels of sophistication,
while 9.4% (108 companies) were non-adopters and 10.0% (115 companies) were
in active implementation. Among adopters, implementation duration varied:
28.4% had less than 1 year of experience, 31.7% had 1 to 2 years, 23.6% had 2 to 3
years, and 16.3% had more than 3 years of Al implementation experience.

4.2. Findings by Research Objectives
4.2.1. Objective 1: Developing a Comprehensive Framework for Al
Integration

The first research objective focused on developing a comprehensive framework
for integrating artificial intelligence technologies into manufacturing manage-
ment practices. The empirical investigation validated a framework comprising
four critical dimensions: technological infrastructure readiness, organizational
readiness factors, workforce capabilities, and external environment influences, as
illustrated in Figure 1. Each dimension demonstrated significant independent ef-
fects on implementation outcomes and interactive relationships with other di-
mensions (see Table 1).

Technological infrastructure readiness emerged as a foundational enabler

Table 1. Framework components and validation results.

Framework Dimension Component With Component Without Component Difference (pp)
ERP Systems 73.2% 45.8% 274
Data Management 68.7% 41.3% 27.4
Technological Infrastructure
Cloud Infrastructure 71.4% 52.1% 19.3
Hardware Adequacy 64.8% 38.9% 25.9
Dedicated AI Leadership 78.4% 42.1% 36.3
Strategic Alignment 74.6% 39.2% 354
Organizational Readiness
Change Management 71.8% 44.7% 27.1
Financial Resources 69.3% 43.1% 26.2
Training > 50% Employees 69.3% 34.7% 34.6
Technical Skills 72.1% 41.8% 30.3
Workforce Capabilities
Employee Acceptance 68.4% 38.9% 29.5
Cross-functional Collaboration 66.7% 42.3% 24.4
Competitive Sector 67.8% — —
Government Support 63.4% 48.7% 14.7
External Environment
Vendor Ecosystem 65.2% 44.1% 21.1
Regulatory Clarity 61.8% 52.3% 9.5
Overall Framework All 4 Dimensions Addressed 76.8% 32.4% 44.4

Note. pp = percentage points. Success rates represent the percentage of organizations that successfully implement Al
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demonstrating strong statistical relationships with implementation success. Com-
panies with existing Enterprise Resource Planning (ERP) systems achieved 73.2%
implementation success, compared to 45.8% for organizations lacking integrated
management systems, representing a 27.4 percentage-point difference that was
statistically significant (p < 0.001). Data management capabilities demonstrated
critical importance, with organizations maintaining structured data repositories
and established data governance practices achieving 68.7% success rates com-
pared to 41.3% for those with fragmented data systems lacking systematic collec-
tion and storage protocols. Cloud computing infrastructure provided significant
advantages, with cloud-enabled organizations achieving 71.4% success compared
to 52.1% for those relying solely on on-premises solutions, reflecting the flexibility
and scalability benefits of cloud platforms for AI workload management. Hard-
ware infrastructure, including adequate computing resources, network band-
width, and storage capacity, correlated with 64.8% success rates, while organiza-
tions reporting infrastructure limitations achieved only 38.9% success, demon-
strating the continued importance of foundational technology investments de-
spite advances in cloud computing.

Organizational readiness factors demonstrated substantial influence on imple-
mentation outcomes across multiple dimensions. Companies with dedicated Al
leadership structures, including designated implementation champions, cross-
functional steering committees, or formal Al governance bodies, achieved 78.4%
implementation success compared to 42.1% for organizations lacking clear lead-
ership structures, representing a 36.3 percentage point difference. Strategic align-
ment between Al initiatives and broader business objectives correlated with 74.6%
success rates, compared with 39.2% for implementations lacking a clear strategic
connection, suggesting that Al projects positioned as strategic priorities receive
greater organizational support and resource allocation. Change management ca-
pabilities proved essential, with organizations demonstrating strong change man-
agement practices through previous technology transformations, achieving 71.8%
success compared to 44.7% for those with limited change management experience
or capability. Financial resource availability showed a significant correlation with
implementation outcomes: adequately resourced initiatives achieved 69.3% suc-
cess, compared to 43.1% for resource-constrained initiatives. However, the rela-
tionship was moderated by the implementation approach, with phased strategies
reducing resource-intensity requirements.

Workforce capabilities represented critical success determinants across tech-
nical and adaptive dimensions. Organizations providing comprehensive Al train-
ing to more than 50% of employees affected by AI implementations achieved
69.3% success, compared to 34.7% for organizations with limited training ap-
proaches covering fewer employees, representing a 34.6 percentage point differ-
ence that underscores the importance of training. Technical skill availability, in-
cluding data science, machine learning engineering, and Al operations expertise,

correlated with 72.1% success for organizations with adequate technical capabili-
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ties, compared to 41.8% for those facing significant skill shortages. Employee ac-
ceptance and engagement demonstrated significant influence: organizations that
achieved high workforce acceptance through effective communication and in-
volvement achieved 68.4% success, compared to 38.9% for those experiencing
substantial resistance or skepticism. Cross-functional collaboration capabilities
enable effective cooperation among operations, IT, engineering, and management
functions, correlating with 66.7% success in collaborative organizations compared
to 42.3% in those with siloed departmental structures that inhibit knowledge shar-
ing and coordinated implementation.

External environment influences showed meaningful impacts on implementa-
tion patterns and success rates. Organizations operating in highly competitive sec-
tors where technological differentiation provided a competitive advantage
achieved 67.8% higher adoption rates than those in less competitive environ-
ments, where technology adoption pressure was reduced. Government support
utilization, including Board of Investment incentives, Eastern Economic Corridor
programs, and industry development initiatives, correlated with 63.4% success
rates, compared to 48.7% for organizations not utilizing available support mech-
anisms, suggesting that policy frameworks meaningfully influence implementa-
tion feasibility. Vendor ecosystem quality and availability were important, with
organizations reporting strong vendor relationships, adequate technology partner
options, and reliable support services achieving 65.2% success, compared to 44.1%
for those with limited vendor support or constrained technology partner access.
Regulatory environment clarity influenced outcomes: organizations in clearly reg-
ulated sectors understood compliance requirements and achieved 61.8% success,
compared to 52.3% for those facing regulatory uncertainty, which affected imple-
mentation scope and approach decisions.

The framework validation demonstrated that comprehensive readiness across
all four dimensions significantly predicted implementation success. Organiza-
tions that simultaneously addressed technological infrastructure, organizational
readiness, workforce capabilities, and external environment factors achieved
76.8% implementation success, compared to 32.4% for those with limited dimen-
sional coverage addressing only one or two dimensions, representing a 44.4 per-
centage point difference. The interaction effects between dimensions suggested
multiplicative rather than additive relationships, with organizations strong in
multiple dimensions achieving outcomes exceeding predictions based on individ-
ual-dimension contributions. Qualitative findings reinforced the framework’s va-
lidity, with interview participants consistently emphasizing the multidimensional
requirements for successful implementation. As one operations director ex-
plained: “We initially focused only on technology, thinking that was the main
challenge, but we quickly learned that success required equal attention to our peo-
ple, our processes, and our external partnerships. The technology was actually the
easier part once we got the organizational elements right.”

Objective 1 Conclusion. The comprehensive framework integrating techno-
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logical infrastructure readiness, organizational readiness factors, workforce capa-
bilities, and external environment influences was validated through empirical ev-
idence demonstrating that multidimensional approaches addressing all four
framework components achieve significantly higher success rates (76.8%) com-
pared to limited approaches addressing fewer dimensions (32.4%), representing a

44 .4 percentage point difference with strong statistical significance.

4.2.2. Objective 2: Identifying Implementation Challenges

The second research objective focused on identifying and analyzing the primary
challenges manufacturing companies face in implementing Al (see Table 2). The
investigation revealed challenges spanning technical, organizational, and workforce

dimensions with varying intensity across organizational contexts, sectors, and

Table 2. Implementation challenges by category.

Challenge Category Specific Challenge Prevalence (%)  Size Variation
Data Quality Issues 72.4% Universal
Legacy System Compatibility 78.3% Universal
System Integration 64.2% Universal
Technical (67.8%)
Infrastructure Limitations — Small: 81.7%, Medium: 52.6%, Large: 23.4%
Algorithm Selection 54.7% Universal
Cybersecurity Concerns 48.9% Universal
Change Management 69.1% Universal
Budget Constraints 61.3% Small: 78.4%, Large: 34.2%
Leadership Inconsistencies 54.7% Universal
Organizational (58.9%)
Timeline Pressures 52.8% Universal
Unclear Success Metrics 47.6% Universal
Interdepartmental Coordination ~ 44.3% Universal
Skills Shortages 84.2% Traditional: 89.7%, Tech: 52.3%
Fear of Job Displacement 61.7% Universal
Workforce (71.3%) Training Resource Limitations 58.9% Small: 74.2%, Large: 41.8%
Employee Resistance 52.4% Universal
AT Talent Retention 47.3% Universal
Mitigation Strategy Reduction (%)
Dedicated AI Teams 56.7%
Comprehensive Training 62.4%
Phased Approaches 51.3%
External Partnerships 48.9%

Note. Percentages in parentheses indicate overall category prevalence. Size variations show differences across organizational size

categories.
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implementation approaches. Challenge patterns demonstrated both universal ele-
ments affecting most organizations and context-specific manifestations requiring
tailored mitigation strategies.

Technical challenges affected 67.8% of implementing organizations, with data-
related issues representing the most prevalent difficulty category. Data quality is-
sues, including incomplete records, inconsistent formats, missing values, and ac-
curacy concerns, affected 72.4% of organizations, emerging as the single most fre-
quently reported challenge across all categories. System integration complexities
involving connecting Al systems to existing operational technology, manufactur-
ing execution systems, and enterprise applications affected 64.2% of organiza-
tions. Legacy system compatibility issues impacted 78.3% of those with substantial
existing operational technology infrastructure, creating particular difficulties for
organizations with older equipment lacking modern connectivity capabilities. In-
frastructure limitations demonstrated significant size-dependent patterns: small
enterprises reported inadequate computing resources, network capacity, or data
storage at 81.7%, compared to 52.6% for medium enterprises and only 23.4% for
large enterprises, a 58.3 percentage point difference between small and large or-
ganizations, reflecting resource disparities. Algorithm selection and optimization
challenges affected 54.7% of organizations, which found it difficult to identify ap-
propriate Al approaches for specific manufacturing applications. Cybersecurity
concerns regarding Al system vulnerabilities, data protection, and operational
technology security affected 48.9% of implementers, particularly in sectors with
sensitive intellectual property or regulatory compliance requirements.

Organizational challenges affected 58.9% of implementing organizations, with
change-related difficulties representing the most significant barrier category. Change
management difficulties encompassing resistance to new processes, disruption of
established workflows, and adaptation to Al-augmented operations represented
the most significant organizational barrier at 69.1%. Leadership support incon-
sistencies, including wavering commitment, competing priorities, and inadequate
executive engagement, affected 54.7% of organizations, creating implementation
momentum challenges. Budget constraints affected 61.3% of organizations, with
small enterprises reporting financial limitations at 78.4%, compared to 34.2% for
large enterprises, reflecting disparities in resource availability. Timeline pressures,
including unrealistic implementation schedules, compressed pilot phases, and
premature scaling, impacted 52.8% of implementations. Unclear success metrics
affecting 47.6% of organizations created difficulties in demonstrating value and
maintaining stakeholder support. Interdepartmental coordination challenges af-
fected 44.3% of organizations, particularly those implementing cross-functional
AT applications that require collaboration between traditionally separated opera-
tional units.

Workforce challenges affected 71.3% of implementing organizations, repre-
senting the highest overall challenge category prevalence. Skills shortages in data

science, machine learning engineering, Al operations, and advanced analytics rep-
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resented the most critical barrier at 84.2%, affecting organizations of all sizes and
sectors. Traditional manufacturing sectors, including textiles, furniture, and
building materials, experienced skills limitations at 89.7%, compared to 52.3% in
technology-oriented sectors such as electronics and automotive, representing a
37.4 percentage point difference reflecting sectoral differences in human capital.
Employee resistance to change, affecting 52.4% of organizations, manifests as
skepticism about Al benefits, concerns about job security, and reluctance to adopt
new working methods. Fear of job displacement impacted 61.7% of the workforce,
creating anxiety that affected acceptance and engagement even when actual dis-
placement was not planned. Training resource limitations affecting 58.9% of or-
ganizations included insufficient training budgets, limited access to qualified
trainers, and inadequate time allocation for workforce development, with small
enterprises reporting training constraints at 74.2% compared to 41.8% for large
enterprises. Retention of Al-skilled personnel emerged as an ongoing challenge
affecting 47.3% of organizations that had successfully developed internal capabil-
ities, creating vulnerability to talent loss.

Challenge mitigation strategies demonstrated varying effectiveness across or-
ganizational contexts, providing an empirical foundation for practical recommen-
dations. Organizations establishing dedicated AI implementation teams with
cross-functional representation reduced the severity of technical challenges by
56.7% compared to those relying on existing IT departments to manage Al pro-
jects alongside other responsibilities. Comprehensive training programs covering
both technical skills and change adaptation reduced workforce-related barriers by
62.4% compared to limited training investments. Phased implementation ap-
proaches, beginning with bounded pilot projects before scaling, reduced organi-
zational disruption by 51.3% compared to immediate comprehensive deployment.
External partnership strategies, including vendor collaborations, academic part-
nerships, and participation in industry consortia, reduced capability gaps by
48.9%, particularly for small and medium enterprises lacking internal expertise.
Qualitative findings emphasized the interrelated nature of challenges, with one IT
manager noting: “The biggest surprise was that our technical challenges were ac-
tually easier to solve than our people challenges. Getting buy-in and developing
skills took much longer than getting the technology working, and without those
people elements sorted, even good technology implementations failed to deliver
value.”

Objective 2 Conclusion. Implementation challenges span technical (67.8%),
organizational (58.9%), and workforce (71.3%) dimensions, with skills shortages
(84.2%) and data quality issues (72.4%) representing the most prevalent barriers.
Size-dependent patterns show that small enterprises experience infrastructure
limitations at 81.7%, compared with 23.4% for large enterprises. Systematic miti-
gation strategies, including dedicated implementation teams (56.7% reduction),
comprehensive training (62.4% reduction), and phased approaches (51.3% reduc-

tion), significantly reduce challenge severity.
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4.2.3. Objective 3: Evaluating Al's Impact on Manufacturing Performance
The third research objective examined the quantitative and qualitative impacts of
Al integration on manufacturing performance across multiple operational dimen-
sions. Performance impacts were measured using five-point Likert scales where
scores of 1 indicated significant negative impact, 2 indicated slight negative im-
pact, 3 indicated no impact, 4 indicated slight positive impact, and 5 indicated
significant positive impact, with scores above 2.5 indicating net positive impact
and scores above 3.5 indicating substantial positive impact across responding or-
ganizations (see Table 3).

Product quality improvements emerged as the strongest performance dimen-
sion, demonstrating AI’s substantial positive impact on manufacturing outcomes.
A total of 614 companies representing 53.4% of Al implementers reported positive

quality impacts with a mean improvement score of 2.56 on the assessment scale,

Table 3. Performance impact assessment results.

Performance Dimension Companies Reporting Mean Score Key Metrics
Positive Impact

Product Quality 614 (53.4%) 2.56 Defect reduction: 47.3% avg; Medical devices: 66%
improvement

Decision-Making 584 (50.8%) 2.53 Routine decisions: 54.3% faster; Errors: 43.7% reduction

Production Efficiency 552 (48.0%) 2.42 Throughput: 23.7% increase; Cycle time: 18.4% reduction

Cost Reduction 556 (48.3%) 2.42 Maintenance: 32.4% reduction; Energy: 18.7% reduction

Temporal Effects

Implementation > 2 years 73.6% — Positive efficiency impacts

Implementation < 1 year 31.4% — Positive efficiency impacts

Quality improvements — — Within 6 months

Cost reductions — — 12 - 18 months required

Financial Performance
Positive ROI (<18 months) 68.4% —

Comprehensive — — 147% average
implementation ROI

Limited-scope implementation — — 89% average
ROI

Revenue increase — — 12.8% average
Profit margin improvement — — 7.3% average

Synergistic Effects
Multiple dimensions — — 52.3% improvement

Single-area focus — — 28.7% improvement

Note. Mean scores based on 5-point scale (1 = significant negative, 3 = no impact, 5 = significant positive). Scores above 2.5 indicate
a net positive impact.
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the highest mean score among all performance dimensions. Defect rate reductions
averaged 47.3% across implementing organizations, with exceptional cases achiev-
ing reductions exceeding 60%, representing transformative improvements in
manufacturing precision and consistency. Computer vision applications for visual
inspection demonstrated particular effectiveness with detection accuracy improve-
ments averaging 34.7% compared to manual inspection approaches. One medical
device manufacturer provided an illustrative example of reporting rejection rate
improvements from 3.2% to 1.1%, representing a 66% reduction in defective out-
put, with corresponding customer complaint reductions of 68% following Al-en-
abled quality control implementation. Quality consistency improvements enabled
organizations to meet higher certification standards, with 34.7% of quality-fo-
cused implementers achieving new quality certifications, such as ISO upgrades or
customer-specific quality qualifications, following AI deployment. Qualitative
findings emphasized quality benefits with one quality manager stating: “A7-pow-
ered inspection catches defects that even our most experienced inspectors miss,
particularly subtle visual variations that the human eye struggles to detect consist-
ently across long shifts. We've reduced customer returns by over 40% in the first
year, and our reputation for quality has improved significantly with key custom-
ers.”

Decision-making enhancements ranked second among the strongest perfor-
mance dimensions, demonstrating AI’s value for cognitive augmentation in man-
ufacturing management. A total of 584 companies, representing 50.8% of imple-
menters, reported positive decision-making impacts, with a mean score of 2.53 on
the assessment scale. Routine operational decision speed, including production
scheduling, resource allocation, and inventory management, improved by 54.3%
on average through Al-enabled automation and recommendation systems. Stra-
tegic decision quality improved by 37.2% through enhanced analytics, demand
forecasting, and market intelligence capabilities, enabling better-informed strate-
gic choices. Decision accuracy improvements reduced error rates by 43.7% across
implementing organizations by eliminating human cognitive biases and calcula-
tion errors in complex optimization scenarios. Real-time visibility enabled by Al
analytics improved response times to production anomalies by 62.4%, enabling
faster intervention when issues emerged. Predictive capabilities enabled proactive
intervention, reducing reactive problem-solving by 48.9% by anticipating mainte-
nance needs, demand fluctuations, and supply chain disruptions before they im-
pacted operations.

Production efficiency improvements affected 552 companies, representing 48.0%
of implementers, with a mean assessment score of 2.42. Implementation maturity
demonstrated a significant influence on efficiency outcomes, with organizations
having more than 2 years of Al experience achieving positive efficiency impacts
at 73.6%, compared to only 31.4% for those with less than 1 year of experience, a
42.2 percentage-point difference that suggests substantial learning-curve effects.

Throughput improvements averaged 23.7% across mature implementations ena-
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bled by Al-optimized production scheduling, reduced changeover times, and im-
proved process parameters. Cycle time reductions averaged 18.4% through the
identification and elimination of bottlenecks, optimization of process sequences,
and reduction of non-value-adding activities. Equipment utilization improve-
ments averaged 15.8% through Al-optimized scheduling, maximizing productive
machine time, and predictive maintenance integration, reducing unplanned down-
time.

Cost reduction benefits affected 556 companies, representing 48.3% of imple-
menters, with a mean assessment score of 2.42. Predictive maintenance applica-
tions achieved 32.4% maintenance cost reduction through optimized mainte-
nance scheduling, reduced emergency repairs, and extended equipment lifespan,
with a 41.7% decrease in unplanned downtime, representing one of the clearest
Al value propositions. Energy optimization applications achieved average con-
sumption reductions of 18.7% through Al-controlled process optimization, in-
telligent scheduling to reduce peak demand, and continuous efficiency improve-
ment algorithms. Material waste reductions averaged 21.3% through Al-opti-
mized production planning that minimized overproduction, improved quality
control to reduce scrap rates, and enhanced demand forecasting to reduce ob-
solescence.

Financial performance validation demonstrated measurable business value
through a comprehensive return-on-investment analysis. Revenue increases aver-
aged 12.8% for organizations with mature AI implementations, driven by im-
proved quality enabling premium pricing, enhanced customer satisfaction driving
repeat business, and new capability development enabling market expansion.
Profit margins improved by an average of 7.3% over two years following compre-
hensive Al implementation, driven by combined quality improvements, efficiency
gains, and cost reductions. Return on investment analysis revealed that 68.4% of
mature implementations (more than 18 months) achieved positive ROI, with
comprehensive implementations achieving average returns of 147% compared to
89% for limited-scope single-application deployments, representing a 58 percent-
age-point difference. Synergistic effects emerged when organizations imple-
mented Al across multiple performance dimensions simultaneously, achieving an
average improvement of 52.3% compared to 28.7% for single-area implementa-
tions, a 23.6 percentage-point difference.

Objective 3 Conclusion. Al implementation is associated with substantial per-
formance impacts across quality (53.4% positive, mean 2.56), decision-making
(50.8%, mean 2.53), efficiency (48.0%, mean 2.42), and cost (48.3%, mean 2.42)
dimensions. Implementation maturity significantly influences outcomes, with or-
ganizations having more than 2 years of experience achieving 73.6% positive effi-
ciency impacts, versus 31.4% for organizations with less than 1 year of experience.
Financial validation confirms 68.4% positive ROI, averaging 147% for compre-
hensive implementations versus 89% for limited scope, with synergistic effects

(52.3% versus 28.7%) demonstrating the value of integrated approaches.
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4.2.4. Objective 4: Assessing Future Al Implementation Trajectories

The fourth research objective examined future trajectories of AI implementation,
including organizational expectations for continued adoption, investment pat-
terns, expansion priorities for applications, and implications for workforce trans-
formation. The trajectory assessment captured organizational intentions, invest-
ment plans, and anticipated changes, providing a forward-looking perspective
that complements current-state findings from other objectives (see Table 4).

Investment trajectory analysis revealed strong momentum with 892 companies

Table 4. Future trajectory indicators.

Trajectory Category Indicator Percentage

Planning investment increases (2 - 3 years)  77.6%
Investment Intentions (n =

892, 77.6%) Expecting a 50% - 100% increase 34.7%
Expecting > 100% increase 28.3%
<$50,000 annually 41.2%
$50,000 - $100,000 23.7%
Current Investment Levels
$100,000 - $500,000 21.4%
>$500,000 13.7%
Production optimization 68.3%
Supply chain management 62.7%
Predictive analytics 59.4%
Application Expansion Advanced automation 54.8%
Priorities Quality enhancement 52.1%
Maintenance optimization 49.8%
Customer-facing applications 47.3%
Sustainability applications 38.4%
Expecting new job creation 45.7%
Expecting net workforce reduction 23.4%
Workforce Transformation Expecting minimal impact 30.9%
Significant role evolution expected 67.3%
Significant retraining required 84.6%
Deep learning emphasis 67.4%
IoT integration priority 71.8%
Technology Sophistication ~ Edge computing integration 52.3%
NLP expansion 48.7%
Reinforcement learning 34.2%

Note. Percentages represent the proportion of responding organizations indicating each
trajectory indicator.
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representing 77.6% of respondents planning substantial Al investment increases
within the next 2-3 years. Investment magnitude expectations demonstrated ex-
ponential rather than incremental growth: 34.7% of organizations anticipate in-
creases of 50% - 100% above current levels, and 28.3% expect increases exceeding
100%, indicating plans to more than double AI investments. Current investment
levels provided baseline context for growth projections: 41.2% invested less than
$50,000 annually in AT initiatives; 23.7% invested $50,000 - $100,000; 21.4% in-
vested $100,000 - $500,000; and 13.7% invested more than $500,000, indicating
substantial current commitment. Sector-specific patterns showed electronics
manufacturers planning significant investment increases of 87.3%, with an em-
phasis on advanced automation and process optimization. At the same time, tra-
ditional sectors, including textiles and furniture, averaged 45% planning increases,
with an emphasis on quality control and efficiency applications.

Application expansion priorities revealed strategic focus areas for future Al de-
ployment, reflecting lessons learned from initial implementations and emerging
capability requirements. Production optimization emerged as the highest expan-
sion priority at 68.3%, reflecting recognition of efficiency improvement potential
demonstrated by successful implementations. Supply chain management ranked
second at 62.7%, driven by pandemic-era supply disruptions, highlighting the
need for enhanced visibility, demand forecasting, and supplier risk assessment.
Predictive analytics applications ranked 59.4% in priority, reflecting demand for
forward-looking intelligence that enables proactive management rather than re-
active responses. Advanced automation, including robotic process automation
and intelligent process control, was given a 54.8% priority, with emphasis on ex-
tending automation to more complex tasks beyond simple, repetitive operations.
Quality enhancement applications maintained a strong priority at 52.1% with em-
phasis on extending quality control to additional production stages and product
categories. Maintenance optimization was given a 49.8% priority, with a focus on
expanding predictive maintenance coverage and integrating maintenance with
production planning.

Workforce transformation expectations revealed significant anticipated changes
in employment patterns and skill requirements with important implications for
organizational development and educational policy. New job-creation expecta-
tions indicate that 45.7% of organizations anticipate creating Al-related positions,
including data scientists, AI specialists, automation engineers, and human-AI col-
laboration coordinators. Net workforce-reduction expectations showed that only
23.4% of organizations anticipated overall employment decreases, substantially
lower than predictions from some technological-displacement literature. Role
evolution expectations showed 67.3% anticipating a significant transformation of
existing roles, with workers taking on new responsibilities involving Al system
oversight, exception handling, and higher-value activities, while routine tasks are
automated. Retraining requirements showed 84.6% of organizations anticipating

significant workforce reskilling needs within 3 - 5 years, indicating substantial ed-
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ucational and development investment requirements.

Objective 4 Conclusion. Future trajectories indicate sustained AI momentum
with 77.6% planning investment increases within 2 - 3 years, including 34.7% ex-
pecting 50% - 100% growth and 28.3% expecting increases exceeding 100%. Ap-
plication priorities emphasize production optimization (68.3%), supply chain
management (62.7%), and predictive analytics (59.4%). Workforce transfor-
mation expectations show 45.7% anticipating new job creation, versus only 23.4%
expecting net reductions, with 84.6% recognizing significant retraining needs,

suggesting an evolution in employment rather than elimination.

4.2.5. Objective 5: Developing Implementation Guidelines
The fifth research objective focused on developing practical implementation
guidelines based on empirical evidence from successful AI deployments and les-
sons learned from implementation challenges across diverse organizational con-
texts. Guidelines were developed through a systematic comparison of approaches
used by successful versus unsuccessful implementers, identifying practices signif-
icantly associated with positive outcomes (see Table 5).

The analysis of the implementation approach revealed significant differences

between phased and immediate deployment strategies, with clear implications for

Table 5. Implementation guidelines effectiveness.

Without

Guideline Catego Practice With Practice Difference
gory Practice (pp)
Phased implementation 72.4% 43.8% 28.6
Implementation
Approach Optimal pilot duration: 3 - 6
months
Dedicated AT leadership 68.9% — 68.9% higher
Leadership & Governance Executive sponsorship 64.7% — 64.7% higher
Clear accountability 58.3% — 58.3% higher
Stakeholder Engagement Comprehensive engagement 71.3% 41.7% 29.6
Comprehensive training 71.4% — 71.4% higher
Hands-on training methodology 82.7% 34.2% 48.5
Workforce Development
Pre-implementation preparation — — Recommended
Change management integration 47.3% — 47.3% higher acceptance
Performance Baseline documentation 61.4% — 61.4% better outcomes
Measurement Continuous monitoring 54.8% — 54.8% higher sustained improvement
Formal risk assessment 54.7% — 54.7% fewer disruptions
Risk Management Contingency planning 41.2% — 41.2% faster recovery
Data governance frameworks 43.7% — 43.7% fewer data challenges

Note. pp = percentage points. Success rates represent the percentage of organizations that achieve successful AI implementation
with the respective practice.
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recommended practices. Organizations employing phased implementation ap-
proaches, beginning with bounded pilot projects before systematic scaling,
achieved 72.4% success rates, compared to 43.8% for organizations attempting
immediate, comprehensive deployment across multiple applications or produc-
tion areas simultaneously, representing a 28.6 percentage point difference that
demonstrates substantial phased approach advantages. Optimal pilot project du-
ration emerged as 3 - 6 months based on comparative outcome analysis, with
shorter pilots of less than 3 months providing insufficient learning and validation
time, while extended pilots beyond 6 months experienced diminishing momen-
tum, stakeholder fatigue, and a shift in organizational attention to other priorities.
Pilot scope recommendations emphasized starting with bounded, measurable ap-
plications that address specific operational challenges before expanding to com-
plex, cross-functional implementations that require coordination across multiple
organizational units.

Leadership and governance guidelines emphasized the establishment of a ded-
icated implementation team with cross-functional representation spanning oper-
ations, IT, engineering, and management. Organizations with dedicated Al lead-
ership, including formal implementation champions with allocated time and
transparent accountability, achieved success rates 68.9% higher than those relying
on distributed responsibility without clear ownership. Governance structures re-
quiring executive sponsorship, with direct senior management involvement in
oversight and decision-making, demonstrated success rates 64.7% higher than
those lacking executive engagement. Stakeholder engagement emerged as a criti-
cal success factor: organizations implementing comprehensive engagement ap-
proaches involving all affected parties in planning and implementation achieved
71.3% success, compared to 41.7% for organizations with limited engagement fo-
cusing only on direct implementers without broader organizational involvement,
representing a 29.6 percentage point difference.

Workforce development guidelines emphasized comprehensive training as an
essential success factor. Organizations investing in thorough workforce prepara-
tion achieved success rates 71.4% higher than those with minimal training invest-
ments focused only on basic system operation. Training methodology analysis re-
vealed hands-on experiential training involving actual Al system interaction and
practical application scenarios, achieving 82.7% effectiveness compared to 34.2%
for lecture-based theoretical approaches, representing a 48.5 percentage point dif-
ference, demonstrating that the training approach significantly influences capa-
bility development beyond training quantity alone. Training timing recommen-
dations emphasized pre-implementation preparation, combined with ongoing
support during and after deployment, rather than post-implementation remedia-
tion to address skill gaps after problems emerged.

Performance measurement guidelines emphasized establishing baseline metrics
before implementation, enabling objective impact assessment. Organizations doc-

umenting pre-implementation performance baselines across relevant metrics
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achieved 61.4% better long-term outcomes through data-driven optimization and
a clear demonstration of Al value. Continuous monitoring systems enable real-
time performance tracking, resulting in sustained improvements 54.8% higher
than those achieved with periodic assessment approaches that rely on retrospec-
tive analysis. Risk management guidelines emphasized proactive identification
and mitigation planning, with organizations implementing formal risk assessment
processes during planning phases experiencing 54.7% fewer major disruptions
during implementation than those without systematic risk identification. Contin-
gency planning for standard failure modes enabled 41.2% faster recovery when
setbacks occurred.

Objective 5 Conclusion. Evidence-based implementation guidelines demon-
strate substantial effectiveness differences: phased approaches achieve 72.4% ver-
sus 43.8% for immediate deployment (28.6 percentage point difference), dedi-
cated leadership yields 68.9% higher success, comprehensive training produces
71.4% higher success, stakeholder engagement achieves 71.3% versus 41.7% for
limited engagement (29.6 percentage point difference), and hands-on training
methodology reaches 82.7% versus 34.2% for lecture-based approaches (48.5 per-

centage point difference).

4.3. Hypothesis Testing Results

The ten research hypotheses developed in Chapter 3 were tested using appropriate
statistical techniques, depending on the nature of the variables and relationships
examined. Selection of statistical methods followed established guidelines for hy-
pothesis testing: Pearson correlation analysis was employed for hypotheses exam-
ining relationships between continuous variables, independent samples t-tests
were used for comparing means between two distinct groups, one-way analysis of
variance (ANOVA) was applied for comparisons across multiple categorical
groups, and chi-square tests assessed associations between categorical variables.
All statistical analyses were conducted using IBM SPSS Statistics software, with a
significance level of a = 0.05. Table 6 presents the comprehensive results of hy-
pothesis testing, including the statistical methods, test statistics, significance lev-
els, and conclusions.

HY7 received partial support: significant differences in implementation depth
across size categories were found, but success rates showed less pronounced size
differences when readiness factors were controlled.

Technological Context Hypotheses. Hypothesis H1, proposing that perceived
compatibility of Al technologies with existing manufacturing systems positively
influences AI adoption rates, was tested using Pearson correlation analysis be-
tween compatibility perception scores and adoption rate measures. The analysis
revealed a significant positive correlation (r = 0.67, p < 0.001), indicating a strong
relationship between perceived compatibility and adoption outcomes. This result
supports H1, confirming that organizations that perceive greater compatibility

between Al technologies and existing systems demonstrate significantly higher
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Table 6. Hypothesis testing results.

Hypothesis Statement Statistical Test Test Statistic p-value Result

H1 AT compatibility > adoption rates Pearson correlation r=0.67 <0.001 Supported
H2 Multiple AI technologies > higher benefits Independent t-test  t = 8.42 <0.001 Supported
H3 Al implementation - efficiency improvements  Pearson correlation r=0.58 <0.001 Supported
H4 Al implementation - quality enhancements Pearson correlation r=0.71 <0.001 Supported
H5 Al implementation > cost reductions Pearson correlation r=0.52 <0.001 Supported
Hé Quality = most frequently reported benefit Chi-square x> =14.28 <0.001 Supported
H7 Company size > implementation depth One-way ANOVA F=12.34 <0.001 Partially Supported
HS8 Formal training > higher success Independent t-test t=9.87 <0.001 Supported
H9 Competitive intensity - higher adoption Independent t-test t=7.65 <0.001 Supported
HI10 Multinational - higher adoption rates Chi-square x> =18.92 <0.01  Supported

Note. N = 1150 manufacturing companies. Significance level a = 0.05. df (degrees of freedom) varies by test.

adoption rates. Hypothesis H2, proposing that companies implementing multiple
complementary Al technologies report higher operational benefits than single-
application implementers, was tested using an independent samples t-test com-
paring benefit scores between multi-application implementers (three or more Al
applications) and single-application implementers. Results showed significantly
higher benefit scores for multi-application implementers (t = 8.42, df = 925, p <
0.001), with a mean difference indicating 52.3% higher reported benefits. This re-
sult strongly supports H2.

Performance Outcome Hypotheses. Hypothesis H3, proposing a positive as-
sociation between AI implementation and operational efficiency improvements,
was tested using a Pearson correlation between Al implementation depth scores
and efficiency improvement measures. Significant positive correlation was found
(r =0.58, p<0.001), supporting H3. Hypothesis H4, proposing a positive associ-
ation between AI implementation and product quality enhancements, was tested
similarly, revealing the strongest correlation among performance dimensions (r =
0.71, p< 0.001) and providing strong support for H4. Hypothesis H5 proposing a
positive association between Al implementation and cost reductions showed a
moderate but significant correlation (r = 0.52, p < 0.001), supporting H5. Hypoth-
esis H6, proposing that quality improvement would be the most frequently re-
ported benefit, was tested through descriptive comparison of benefit frequencies
and mean impact scores. Quality improvements were reported by 53.4% of imple-
menters, with a mean score of 2.56, compared with efficiency (48.0%, mean 2.42)
and cost reduction (48.3%, mean 2.42). The chi-square test confirmed a significant
difference in reporting frequencies (x* = 14.28, df = 2, p < 0.001), supporting H6.

Organizational Context Hypotheses. Hypothesis H7, proposing a positive as-
sociation between company size and Al implementation depth, was tested using

one-way ANOVA comparing implementation depth scores across small, medium,
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and large enterprise categories. Significant differences were found (F = 12.34, df
=2, 1147, p < 0.001), with post hoc Tukey tests indicating that large enterprises
demonstrated greater implementation diversity and scope than small enterprises.
However, when controlling for readiness factors, success rates showed minor dif-
ferences, providing partial support for H7. Hypothesis H8, proposing that compa-
nies with formal Al training programs demonstrate higher implementation success,
was tested using an independent samples t-test comparing success rates between
organizations with and without structured training programs. Results showed sig-
nificantly higher success rates for organizations with formal training (t = 9.87, df =
925, p<0.001), with a 71.4% difference providing strong support for HS.

Environmental Context Hypotheses. Hypothesis H9, proposing that compa-
nies in sectors with higher competitive intensity exhibit higher Al adoption rates,
was tested using an independent-samples t-test comparing adoption rates between
high-competition and low-competition sectors based on industry classification.
Significantly higher adoption rates were found in competitive sectors (t = 7.65, df
= 1148, p < 0.001), with adoption rates 67.8% higher, supporting H9. Hypothesis
H10, proposing that multinational operations show higher AI adoption rates than
domestic enterprises, was tested using chi-square analysis comparing the adop-
tion status between multinational and domestic organizations. Significant associ-
ation was found (x> = 18.92, df = 1, p < 0.01), with multinational organizations
achieving 74.2% adoption compared to 61.3% for domestic enterprises, support-
ing H10.

Summary of Hypothesis Testing. As presented in Table 6, nine of ten hypoth-
eses received full statistical support, while one hypothesis (H7) received partial
support. The technological context hypotheses (H1, H2) were fully supported,
confirming the importance of compatibility and the synergistic implementation
of multiple technologies. All four performance outcome hypotheses (H3-H6) were
supported, validating AI’s positive impact on efficiency, quality, and cost while
confirming quality as the most frequently reported benefit. The organizational
context hypothesis regarding training (H8) was strongly supported. At the same
time, the size-implementation relationship (H7) received partial support: imple-
mentation depth varied by size, but success rates showed less pronounced differ-
ences when readiness factors were controlled. Both environmental context hy-
potheses (H9, H10) were supported, confirming competitive intensity and inter-

national exposure as significant adoption influences.

4.4. Summary

The comprehensive findings that address all five research objectives, integrating
quantitative and qualitative evidence from 1150 manufacturing companies and
115 stakeholder interviews. The integrated analysis revealed three overarching
patterns. First, Al implementation success in Thailand’s manufacturing sector de-
pends fundamentally on organizational readiness rather than size or sector char-

acteristics alone, with the validated framework demonstrating that comprehensive
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preparation across technological, organizational, workforce, and environmental
dimensions substantially differentiates successful from unsuccessful implementa-
tions (Table 1 and Table 6). Second, while implementation challenges are perva-
sive across technical, organizational, and workforce dimensions, they are system-
atically addressable through evidence-based mitigation strategies, including ded-
icated implementation teams, phased deployment approaches, and comprehen-
sive workforce development programs (Table 2 and Table 5). Third, Al imple-
mentation is associated with measurable performance improvements and positive
financial returns, with quality emerging as the strongest impact dimension and
synergistic benefits accruing to organizations pursuing multi-dimensional imple-
mentations (Table 3). Looking forward, the sector demonstrates sustained mo-
mentum with strong investment intentions and workforce transformation pat-
terns suggesting employment evolution rather than displacement (Table 4). Hy-
pothesis testing provided statistical validation of these findings, with 9 of 10 hy-
potheses receiving full support and 1 receiving partial support (Table 6). These
results establish the empirical foundation for theoretical interpretation and prac-

tical recommendations developed in Chapter 5.

5. Discussion and Conclusions

5.1. Introduction

The discussion follows the structure of the five research objectives, examining how
findings converge with or diverge from existing literature, explaining observed
patterns through theoretical lenses, and identifying implications for theory devel-
opment and practical application. The hypothesis-testing results summarized in
Table 6 provide statistical validation of the examined relationships: 9 of 10 hy-
potheses received full support, and 1 received partial support.

5.2. Discussion by Research Objectives
5.2.1. Objective 1: Developing a Comprehensive Framework for Al
Integration

The framework development findings strongly support the integrated theoretical
approach combining the Technology-Organization-Environment (TOE) frame-
work, the Resource-Based View (RBV), and the Technology Acceptance Model
(TAM) perspectives, as illustrated in Figure 1. The empirical validation, demon-
strating that organizations addressing all four dimensions (technological infra-
structure, organizational readiness, workforce capabilities, and external environ-
ment) achieved 76.8% success, compared to 32.4% for limited approaches, as doc-
umented in Table 1, confirms the theoretical proposition that AT implementation
requires multidimensional consideration rather than a purely technological focus.
The hypothesis testing results (Table 6) provide additional statistical support for
the framework’s validity, with H1 confirming that perceived compatibility signif-
icantly influences adoption rates (r = 0.67, p < 0.001) and H2 confirming that

synergistic multi-technology implementation produces substantially higher ben-
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efits (t = 8.42, p < 0.001).

Convergences with existing literature. The findings strongly support the TOE
framework’s core proposition that technological, organizational, and environ-
mental factors collectively influence adoption outcomes, aligning with Tornatzky
and Fleischer’s (1990) original framework development and subsequent valida-
tions across diverse technology contexts. The statistical confirmation of H1 (Table
6:r = 0.67, p < 0.001), demonstrating a significant positive correlation between
perceived compatibility and adoption rates, aligns with TAM foundations estab-
lished by Davis (1989) and with technology adoption research by Trunzer et al.
(2019). The technological infrastructure findings show that companies with ERP
systems achieve 73.2% versus 45.8% success rates (Table 1) confirm prior research
by Adebanjo et al. (2023) and Uren and Edwards (2023), which emphasize the
importance of foundational technology for advanced technology adoption. Or-
ganizational readiness findings showing dedicated AI leadership achieving 78.4%
versus 42.1% (Table 1) success corroborate research by Chatterjee et al. (2021)
and Grover et al. (2020), which demonstrate leadership’s criticality for technology
transformation initiatives. The strong support for H8 (Table 6: t = 9.87, p< 0.001),
confirming that formal training programs significantly improve implementation
success, aligns with the human capital theory foundations and the empirical re-
search by Frank et al. (2019) and Raj et al. (2020) on the importance of workforce
development.

Divergences from existing literature. The findings challenge the conventional
wisdom that organizational size is the primary determinant of success in advanced
technology adoption. While hypothesis testing revealed significant differences in
implementation depth across size categories (H7: F = 12.34, p < 0.001), the partial
support for H7 (Table 6) indicates that size influences implementation breadth
more than success probability when readiness factors are controlled. This diver-
gence reflects democratization of Al technologies through cloud-based platforms
and Software-as-a-Service delivery models that reduce traditional capital and ex-
pertise barriers. The findings also contradict research suggesting technical exper-
tise requirements create insurmountable barriers for traditional manufacturing
sectors. The overall 80.6% Al adoption rate across all 12 sectors, including tradi-
tional industries such as textiles, furniture, and building materials, demonstrates
that technical barriers are surmountable when organizations systematically ad-
dress readiness factors, exceeding predictions from the literature emphasizing
technical sophistication requirements. The strong support for H9 (Table 6: t =
7.65, p < 0.001), demonstrating 67.8% higher adoption in competitive sectors, ex-
ceeded theoretical expectations from the institutional theory literature regarding
environmental pressure effects.

The partial support for H7 warrants deeper theoretical examination, given its
significant divergence from conventional literature and its reinforcement of this
study’s core thesis regarding readiness-based success determinants. Traditional

technology adoption theories, including Rogers’ (2003) diffusion of innovations
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and early applications of the TOE framework, consistently position organizational
size as a primary predictor of adoption success, with larger organizations pre-
sumed to possess superior financial resources, technical expertise, and absorptive
capacity. However, the present findings reveal a more nuanced relationship: while
size significantly correlates with implementation breadth and diversity (F = 12.34,
p < 0.001), success rates converge substantially when readiness factors are statis-
tically controlled. This pattern suggests that size primarily serves as a proxy for
readiness rather than an independent causal factor. Small enterprises achieving
comparable success rates to large enterprises when demonstrating equivalent
readiness levels (comprehensive readiness: 76.8% success regardless of size cate-
gory) fundamentally challenge size-deterministic models prevalent in technology
management literature. The theoretical implication extends resource-based the-
ory by demonstrating that competitive advantages in AI implementation derive
not from scale-dependent resources but from strategic resource configuration and
capability development accessible to organizations across size categories. This
finding supports emerging perspectives on technology democratization, wherein
cloud computing, Software-as-a-Service delivery models, and ecosystem-based
implementation approaches reduce traditional barriers associated with capital in-
tensity and specialized expertise requirements. In the context of emerging econo-
mies specifically, this divergence carries substantial policy implications, suggest-
ing that support programs targeting readiness development rather than size-based
subsidies may be more effective in promoting broad-based Al adoption across the
manufacturing sector. The partial support for H7 thus represents not a limitation
but rather a theoretically significant finding that advances understanding of con-
temporary technology adoption dynamics in manufacturing contexts.

Theoretical implications. The framework’s successful integration of multiple
theoretical perspectives demonstrates that single-theory approaches inadequately
capture the complexity of AI implementation in manufacturing contexts. The
strong statistical support for H2 (Table 6: t = 8.42, p < 0.001), showing 52.3%
higher benefits for multi-technology implementers (Table 1), provides empirical
evidence for resource complementarity concepts within RBV, suggesting that or-
ganizational capabilities create value through interaction and mutual reinforce-
ment rather than isolation. The synergistic effects observed when organizations
address multiple dimensions simultaneously (76.8% versus 32.4% success, as
shown in Table 1) further support this theoretical proposition. The framework
extension, which includes explicit workforce capability dimensions, addresses
limitations in traditional technology adoption models that underemphasize hu-
man factors, and H8’s strong support (Table 6) empirically validates the im-
portance of this addition.

5.2.2. Objective 2: Identifying Implementation Challenges
The implementation challenges findings revealed systematic patterns across tech-
nical, organizational, and workforce dimensions, with important contextual vari-

ations documented in Table 2. The prominence of data quality issues (72.4%) and
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skills shortages (84.2%) as leading barriers aligns with emerging consensus in Al
implementation literature while revealing context-specific manifestations within
Thailand’s manufacturing sector that inform both theoretical understanding and
practical intervention strategies.

Convergences with existing literature. The findings strongly support the lit-
erature emphasizing data quality as a fundamental barrier to AI implementation,
aligning with Kinkel et al. (2022) and Lee et al. (2023), who identified data prepa-
ration as consistently problematic across manufacturing contexts regardless of or-
ganizational size or technological sophistication. The statistical support for H1
(Table 6: r = 0.67, p < 0.001) indirectly confirms the challenge literature by
demonstrating that compatibility—which includes data system alignment—sig-
nificantly influences adoption outcomes. The documented complexities in system
integration (64.2%) and legacy system compatibility issues (78.3%) in Table 2 are
consistent with Mittal et al. (2017) and Zhong et al. (2017) regarding integration
challenges when deploying advanced technologies within existing operational
technology environments. Organizational challenges, including change manage-
ment difficulties (69.1%) and inconsistent leadership support (54.7%), align with
the research by Grover et al. (2020) and Ali and Khan (2024) on the requirements
for organizational transformation. The strong support for H8 (Table 6: t = 9.87,
P < 0.001) confirms the importance of the training program in addressing work-
force skills shortages (84.2%), identified as the most critical barrier in Table 2.

Divergences from existing literature. The findings contradict research sug-
gesting infrastructure limitations create insurmountable barriers for Al adoption
in emerging economies. Only 23.4% of large enterprises and 52.6% of medium
enterprises reported inadequate computing resources (Table 2), significantly
lower than the 60% - 70% rates documented in earlier literature examining devel-
oping country manufacturing. This divergence reflects rapid advances in cloud
computing, improved telecommunications infrastructure, and substantial devel-
opment within Thailand’s Eastern Economic Corridor initiative. The size-de-
pendent challenge patterns showing small enterprises experiencing infrastructure
limitations at 81.7% versus 23.4% (Table 2) for large enterprises (58.3 percentage
point difference) reveal more nuanced relationships than simple size-adoption
correlations suggested by prior research, which aligns with the partial support for
H7 documented in Table 6. Traditional sector skills limitations at 89.7% versus
52.3% (Table 2) for technology sectors (37.4 percentage point difference) repre-
sent substantial but not insurmountable barriers, contradicting predictions of
complete capability gaps preventing traditional sector adoption.

Practical implications. The challenge mitigation effectiveness findings docu-
mented in Table 2 provide actionable guidance for implementation planning.
Dedicated Al implementation teams reduced technical challenge severity by
56.7%, comprehensive training reduced skills barriers by 62.4%, and phased ap-
proaches reduced organizational disruption by 51.3%. These empirically validated

strategies enable organizations to proactively address predictable barriers rather
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than reactively responding to implementation difficulties. The universal nature of
data quality challenges (72.4%) across organizational characteristics suggests that

data preparation should receive priority attention in all implementation planning.

5.2.3. Objective 3: Evaluating Al's Impact on Manufacturing Performance
The performance-impact findings documented in Table 3 provide substantial em-
pirical evidence of Al’s transformative potential across multiple dimensions of
manufacturing performance. The hypothesis testing results (Table 6) provide
strong statistical validation, with all four performance-related hypotheses (H3-
H6) receiving full support. The emergence of quality as the strongest impact di-
mension (53.4% positive, mean 2.56), confirmed by H6 (x* = 14.28, p < 0.001),
rather than efficiency or cost, represents a notable finding with important theo-
retical and practical implications.

Convergences with existing literature. The quality impact findings strongly
concur with the literature demonstrating AI’s positive influence on manufactur-
ing quality outcomes, aligning with Schmitt et al. (2020) and Chen et al. (2023),
who documented quality control as a particularly successful AI application area.
The statistical confirmation of H4 (Table 6: r = 0.71, p < 0.001), which represents
the strongest correlation among performance dimensions, provides robust empir-
ical support for quality-focused Al applications. One medical device manufac-
turer reported a rejection rate improvement from 3.2% to 1.1% (66% improve-
ment) and a 68% reduction in customer complaints, exemplifying the substantial
quality gains documented in prior research. Temporal progression patterns show-
ing that mature implementations achieve 73.6% positive efficiency impacts, versus
31.4% for early implementations (Table 3), support organizational learning the-
ory and empirical research by Mittal et al. (2017). Financial validation showing
68.4% positive ROI, averaging 147% for comprehensive implementations (Table
3), aligns with research by Oztemel and Gursev (2018) and Parhi et al. (2022) doc-
umenting substantial Al investment returns.

Divergences from existing literature. The findings contradict research from
developed economies suggesting production efficiency represents the primary
benefit domain for Al implementation in manufacturing. The hypothesis testing
results (Table 6) confirm H6, showing that quality improvements were reported
by 53.4% of implementers, with a mean score of 2.56, compared to 48.0% for effi-
ciency, with a mean of 2.42, as statistically validated by chi-square analysis (x* =
14.28, p < 0.001). This pattern may reflect the quality-critical nature of Thailand’s
export-oriented manufacturing serving demanding international customers. The
strong statistical support for H2 (Table 6: t = 8.42, p < 0.001), showing that or-
ganizations implementing AI across multiple dimensions achieve a 52.3% im-
provement compared with 28.7% for single-area implementations (Table 3), pro-
vides empirical evidence for resource complementarity effects that have not been
consistently documented in prior research. Qudus (2025) found that quality im-
provements materialize within 6 months, while this research finds that cost re-

ductions typically require 12 - 18 months (Table 3), contradicting research sug-
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gesting that cost benefits emerge more rapidly.

Theoretical implications. The synergistic effects finding, validated by H2 (Ta-
ble 6: t = 8.42, p < 0.001), showing 52.3% versus 28.7% improvement (Table 3),
contributes to resource-based theory by demonstrating that complementary tech-
nological resources create competitive advantages exceeding the sum of the indi-
vidual components. The correlation analysis supporting H3, H4, and H5 (Table
6), with coefficients ranging from r = 0.52 to r = 0.71, provides quantitative evi-
dence for AD’s positive performance associations across multiple dimensions. The
strongest correlation for quality (H4: r = 0.71) compared to efficiency (H3: r =
0.58) and cost (H5: r = 0.52) suggests that AD’s relative effectiveness varies across

performance dimensions in ways not fully captured by universal adoption models.

5.2.4. Objective 4: Assessing Future Al Implementation Trajectories

The future trajectory findings documented in Table 4 reveal sustained momen-
tum and transformative expectations that significantly exceed those suggested by
incremental technology diffusion models. The finding that 77.6% plan substantial
investment, with 34.7% expecting 50-100% growth and 28.3% expecting increases
exceeding 100%, indicates exponential rather than linear adoption trajectories,
suggesting that AI diffusion in manufacturing may follow fundamentally different
patterns than previous technology generations.

Convergences with existing literature. The investment momentum findings
align with those of Adebanjo et al. (2023) and Thanyawatpornkul (2024b), who
document robust Al expansion intentions in emerging-economy manufacturing
sectors. The strong statistical support for H9 (Table 6: t = 7.65, p < 0.001), con-
firming that competitive intensity drives adoption, provides a theoretical founda-
tion for understanding investment momentum as organizations respond to com-
petitive pressures through technology investment. Similarly, H10’s confirmation
(Table 6: x> = 18.92, p < 0.01) that multinational operations demonstrate higher
adoption rates (Table 2: 74.2% versus 61.3%) suggests that knowledge transfer
and global competitive exposure continue to drive expansion. Application expan-
sion priorities showing production optimization (68.3%), supply chain manage-
ment (62.7%), and predictive analytics (59.4%), as documented in Table 4, concur
with research by Dalzochio et al. (2020) and Jung et al. (2021) regarding compre-
hensive process improvement emphasis.

Divergences from existing literature. The investment magnitude findings con-
tradict research suggesting gradual incremental adoption patterns typical of tra-
ditional technology diffusion. The 28.3% expecting investment increases exceed-
ing 100% (Table 4) indicates revolutionary rather than evolutionary expansion,
not predicted by traditional S-curve diffusion models. Workforce transformation
expectations, showing 45.7% anticipating new job creation while only 23.4% ex-
pecting net reductions (Table 4), contradict predictions from Acemoglu and Re-
strepo (2019) and Frey and Osborne (2017) of widespread technological displace-
ment. The finding that 84.6% (Table 4) anticipate significant retraining require-

ments while simultaneously expecting net job creation suggests an evolution in em-
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ployment rather than elimination. The partial support for H7 (Table 6), indicating
that size influences implementation scope but not necessarily success rates, contra-
dicts earlier literature emphasizing size-dependent adoption patterns.

Policy implications. The workforce transformation findings, showing evolu-
tion rather than elimination patterns, suggest that policy frameworks should em-
phasize workforce development and educational system adaptation rather than
displacement mitigation. The 84.6% retraining requirement (Table 4) indicates
substantial educational investment needs across technical, operational, and man-
agerial skill categories. The strong support for H8 (Table 6: t = 9.87, p < 0.001)
demonstrates that formal training programs significantly improve implementa-
tion success and provide evidence-based justification for policy emphasis on
workforce development programs.

Regarding government support mechanisms, the research findings showing
higher implementation success among organizations that utilize government sup-
port (63.4% versus 48.7%, as documented in Table 1) provide empirical justifica-
tion for continued and expanded policy intervention. Thailand’s National AI
Strategy and Action Plan (2022-2027) encompasses five strategic areas, and the
present findings suggest differential emphasis across these areas. First, Strategy 3,
focusing on human capability development through Al scholarship programs and
educational initiatives, aligns directly with this study’s strongest finding: that for-
mal training programs are associated with significantly higher implementation
success (H8: t = 9.87, p < 0.001). Second, Strategy 2, emphasizing infrastructure
development including High Performance Computing and national AI service
platforms, addresses the technological infrastructure requirements validated in
this research (Table 1: ERP systems, 73.2% versus 45.8% success). Third, Strategy
5, promoting Al use in key industries through system integrator development and
business innovation sandboxes, corresponds with the finding that external part-
nership strategies reduced capability gaps by 48.9% (Table 2). Based on these find-
ings, policymakers should prioritize workforce development subsidies and sup-
port for training programs, as these demonstrated the strongest association with
implementation success. Additionally, continued infrastructure investment through
the Eastern Economic Corridor initiative and accessible cloud computing re-
sources would address the infrastructure limitations, particularly affecting small
enterprises (81.7% reporting constraints versus 23.4% for large enterprises). Fi-
nally, facilitating vendor ecosystem development and industry-academic partner-
ships would help organizations overcome technical expertise barriers that remain

prevalent across traditional manufacturing sectors.

5.2.5. Objective 5: Developing Implementation Guidelines

The implementation guidelines findings documented in Table 5 provide empiri-
cally validated recommendations based on a systematic comparison of successful
and unsuccessful implementation approaches. The hypothesis testing results (Ta-
ble 6) provide additional statistical support for key guideline components, partic-

ularly regarding training (H8), competitive environment (H9), and technology
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compatibility (HI).

Convergences with existing literature. The phased implementation findings,
showing 72.4% versus 43.8% success for immediate deployment (a 28.6 percent-
age point difference), documented in Table 5, strongly concur with Rogers (2003)
and Adebanjo et al. (2023) regarding the advantages of gradual adoption for com-
plex technology implementations. The strong statistical support for H8 (Table 6:
t = 9.87, p < 0.001), demonstrating 71.4% higher success rates for organizations
with formal training programs, validates training-focused guidelines and aligns
with research by Chatterjee et al. (2021) and Liao et al. (2017) on the importance
of workforce preparation. Stakeholder engagement findings showing 71.3% ver-
sus 41.7% success (29.6 percentage point difference) documented in Table 5 sup-
port established change management principles from Kotter (2012) and empirical
research by Ali and Khan (2024). The statistical confirmation of H1 (Table 6: r =
0.67, p < 0.001) regarding the importance of compatibility supports guidelines
emphasizing the assessment and preparation of existing systems before AI imple-
mentation.

Divergences from existing literature. The finding that 3 - 6 months pilots
achieve optimal outcomes, while extended pilots beyond 6 months experience di-
minished momentum (Table 5), contradicts research suggesting that longer pilot
phases improve outcomes by allowing for more thorough evaluation. This diver-
gence may reflect rapid Al technology evolution, making extended pilots coun-
terproductive. The hands-on training effectiveness, at 82.7%, versus 34.2% for lec-
ture-based approaches (a 48.5 percentage-point difference), documented in Table
5, indicates that training methodology significantly influences capability develop-
ment beyond training quantity alone, a relationship underemphasized in prior lit-
erature. This finding extends the statistical support for H8 (Table 6) by demon-
strating that the training approach, not merely training presence, determines ef-
fectiveness.

Practical implications. The substantial effectiveness differences documented
in Table 5, supported by hypothesis testing results in Table 6, provide clear guid-
ance for implementation planning. Phased approaches achieve 72.4% versus
43.8% success (28.6 pp difference), dedicated leadership is associated with 68.9%
higher success, stakeholder engagement achieves 71.3% versus 41.7% success
(29.6 pp difference), comprehensive training is associated with 71.4% higher suc-
cess (statistically validated by H8 in Table 6), and hands-on training methodology
reaches 82.7% versus 34.2% effectiveness (48.5 pp difference). These empirically
validated benchmarks enable organizations to prioritize high-impact practices.

5.3. Research Limitations and Future Directions

Several limitations should be considered when interpreting findings and applying
conclusions. The cross-sectional research design constrains understanding of im-
plementation evolution and long-term sustainability patterns, preventing causal

relationship analysis with high confidence. While the hypothesis testing results
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(Table 6) demonstrate significant correlations and group differences, the cross-
sectional design cannot definitively establish causal direction. Future research
should prioritize longitudinal designs that track organizations through complete
implementation cycles, enabling analysis of temporal dynamics, learning-curve
effects, and sustained value patterns that distinguish temporary improvements
from lasting competitive advantages.

Geographic specificity within Thailand’s Eastern Industrial Region limits direct
generalizability to other manufacturing contexts with different economic devel-
opment levels, regulatory environments, or cultural characteristics. While the
findings offer insights potentially applicable to emerging economies with similar
characteristics, including export-oriented manufacturing, government technol-
ogy promotion programs, and developing digital infrastructure, unique aspects of
Thailand’s development context, such as the Eastern Economic Corridor initia-
tives and Board of Investment incentive structures, may limit direct transferabil-
ity. Additionally, although this research acknowledged Thai cultural norms such
as hierarchical respect and collective harmony as contextual factors, the study did
not deeply investigate how these specific cultural characteristics influenced imple-
mentation challenges such as change management or employee acceptance. Fu-
ture research could employ in-depth qualitative approaches to explore how na-
tional cultural factors shape Al implementation dynamics, particularly regarding
leadership communication styles, resistance to change, and workforce adaptation
patterns across different cultural contexts. International comparative research ex-
amining Al implementation across different economic contexts, including devel-
oped economies, other emerging Asian regions, and manufacturing sectors in
Latin American or African contexts, could identify universal principles while
highlighting context-specific adaptation requirements.

Reliance on perceptual performance measures through assessment scales rather
than objective operational metrics represents another limitation. While the statis-
tical analyses presented in Table 6 demonstrate significant relationships between
variables, objective performance measurement through longitudinal studies
tracking actual operational metrics, including defect rates, throughput, downtime,
and energy consumption, could strengthen causal inference and provide valida-
tion of perceptual assessments. Multiple-stakeholder perspective designs incorpo-
rating frontline workers, middle management, and executive leadership could re-

veal implementation dynamics not captured by single-respondent surveys.

5.4. Practical Advice for Managers and Entrepreneurs

Based on the research results and hypothesis testing (Table 6), the following
guidelines aim to translate the findings into practical recommendations for exec-
utives and entrepreneurs considering the implementation of Al in the manufac-
turing process.

Organizations should prepare properly before investing in Al technology. The
research confirmed that AI compatibility with existing systems significantly af-
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fects success (H1 in Table 6: r = 0.67, p < 0.001). Companies with sound existing
computer systems for managing production, inventory, or customer orders
achieved 73% success compared to 46% without such foundation systems (Table
1). Organizations should start collecting and organizing data now because 72% of
companies struggled with messy or incomplete data during implementation (Ta-
ble 2). Management should assign a team member as an Al champion with suffi-
cient time and authority to lead the initiative, as companies with clear AI leader-
ship achieved 78% success compared to 42% without dedicated leadership.

Organizations should start small and expand gradually, but plan for multiple
applications. Step-by-step implementation approaches achieved 72% success,
compared with 44% for companies that tried to implement everything at once
(Table 5). However, the research also showed that companies implementing Al
across multiple areas eventually achieved significantly better results (H2 in Table
6:t = 8.42, p < 0.001), with a 52% improvement compared to 28% for a single-
area focus (Table 3). Companies should begin with quality control applications,
which typically show visible results within 6 months, with organizations seeing
defect rates drop by an average of 47% (Table 3). After achieving initial success,
companies can expand to additional areas. Organizations should plan for 3 - 6
months pilot projects to test Al in limited areas before expanding company-wide.

Organizations should invest heavily in workforce development—it has been
statistically proven to matter. The research strongly confirmed that formal train-
ing programs significantly improve implementation success (H8 in Table 6: t =
9.87, p < 0.001). Companies that provided training to more than half of affected
employees achieved 69% success, compared with 35% for companies that pro-
vided limited training (Table 1). Organizations should use hands-on practical
training where employees actually work with Al systems rather than just attending
classroom lectures, as hands-on training achieved 83% effectiveness versus 34%
for lecture-based approaches (Table 5). Management should address employee
concerns about AI honestly, as research shows that 46% of companies expect Al
to create new jobs, while only 23% expect job reductions (Table 4).

Managers and entrepreneurs should understand the competitive and financial
reality. The research confirmed that companies in more competitive industries
adopt Al at significantly higher rates (H9 in Table 6: t = 7.65, p < 0.001), achieving
67.8% higher adoption. If competitors are implementing Al, organizations may
need to act to remain competitive. Research found that 68% of companies
achieved a positive return on investment within 18 months, with comprehensive
implementations averaging 147% returns, compared to 89% for limited imple-
mentations (Table 3). Revenue increased by an average of 13% and profit margins
improved by 7% within two years. Quality improvements typically appear within

6 months, while cost savings usually take 12 - 18 months to materialize (Table 3).

5.5. Research Contributions

Theoretical contributions. The research contributes to technology adoption the-
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ory by integrating the TOE framework, RBV, and TAM perspectives into a com-
prehensive theoretical model (Figure 1) that demonstrates that single-theory ap-
proaches inadequately capture the complexity of Al implementation. The hypoth-
esis testing results (Table 6) provide statistical validation for theoretical proposi-
tions, with H1 (r = 0.67), H2 (t = 8.42), and H3-H5 (r = 0.52-0.71) quantifying
relationships predicted by the integrated framework. The framework’s empirical
validation, showing that organizations addressing all four dimensions achieve
76.8% success, compared with 32.4% for those addressing only three dimensions
(Table 1), provides strong evidence for multidimensional theoretical models. Em-
pirical validation of synergistic effects through H2 (Table 6) contributes to re-
source-based theory by demonstrating that complementary technological re-
sources create competitive advantages exceeding the sum of the individual com-
ponents.

Practical contributions. The research provides manufacturing organizations
with an evidence-based implementation framework (Figure 1, Table 1) that sig-
nificantly improves success rates, with comprehensive approaches achieving
72.4% versus ad-hoc approaches at 43.8%. The hypothesis testing results (Table
6) provide statistical validation enabling confident application of recommenda-
tions. Critical success factors identification (Table 5) enables prioritizing high-
impact practices, including dedicated leadership (68.9% higher success), compre-
hensive training (71.4% higher success, validated by H8), and phased implemen-
tation approaches (72.4% versus 43.8% success). The performance impact evi-
dence (Table 3) provides realistic expectations for quality improvements within 6
months and financial validation confirming a 68.4% positive ROI, averaging
147%, for comprehensive implementations.

Methodological contributions. The comprehensive hypothesis-testing ap-
proach documented in Table 6 provides a methodological template for AI imple-
mentation research. The application of multiple statistical techniques, including
Pearson correlation, independent-samples t-tests, one-way ANOVA, and chi-
square analysis, demonstrates appropriate method selection based on variable
characteristics and hypothesis types. The mixed-methods integration, combining
quantitative hypothesis testing with qualitative insights, provides balanced evi-

dence that enables both statistical generalization and contextual understanding.

5.6. Conclusion

The research systematically examined Al implementation in manufacturing man-
agement across Thailand’s Eastern Industrial Region, providing comprehensive
empirical evidence from 1150 companies spanning 12 manufacturing sectors. The
hypothesis-testing results summarized in Table 6 confirmed 9 of 10 hypotheses
with full statistical support and 1 with partial support, providing robust validation
of the theoretical framework and research findings. The investigation addressed
five research objectives revealing that AT adoption reached 80.6% penetration sig-

nificantly exceeding expectations, implementation success depends fundamen-
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tally on simultaneous attention to technological infrastructure, organizational
readiness, workforce capabilities, and external environment factors as documented
in the comprehensive framework (Figure 1, Table 1), and organizations address-
ing all four dimensions achieved 76.8% implementation success compared to
32.4% for limited approaches.

The research established that while technical challenges remain prevalent af-
fecting 67.8% of organizations (Table 2), successful implementation requires equally
strong focus on organizational change management and workforce development,
with comprehensive training achieving 71.4% higher success rates (validated by
H8 in Table 6: t = 9.87, p < 0.001) and stakeholder engagement achieving 71.3%
versus 41.7% success (Table 5). Performance impact analysis (Table 3) validated
AT’s transformative potential with product quality improvements emerging as the
strongest benefit domain (53.4%, mean 2.56), confirmed by H6 (Table 6: x* =
14.28, p < 0.001). In comparison, financial validation demonstrated measurable
business value, with 68.4% achieving positive ROI, averaging 147%, for compre-
hensive implementations. The statistical confirmation of synergistic effects through
H2 (Table 6: t = 8.42, p < 0.001), showing 52.3% versus 28.7% improvement for
multi-application implementations, provides strong empirical support for com-
prehensive Al deployment strategies.

In conclusion, Al represents both strategic necessity and implementation com-
plexity for contemporary manufacturing organizations in emerging economies.
Success requires not merely technological capability but comprehensive organiza-
tional transformation encompassing infrastructure development, workforce capa-
bility building, cultural adaptation, and sustained leadership commitment. The
hypothesis testing results (Table 6) provide statistical validation, enabling the
confident application of the research findings. The evidence presented demon-
strates that systematic approaches guided by evidence-based frameworks, devel-
oped and validated through this research, significantly improve success rates while
accelerating value realization. The findings provide a foundation for advancing
both theoretical understanding and the practical application of Al in manufactur-
ing management, contributing to ongoing efforts to support technological trans-
formation and competitive advantage across diverse industrial contexts world-

wide.
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