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Chapter Five
Research Conclusion & Recommendation

5.1 Introduction
This chapter will present a comprehensive synthesis and also critical discussions for the research findings that was reported in Chapter 4. The chapter will highlight and link the empirical results to the research objectives, theoretical foundations, and the research gap. The primary purpose of this research study was to examine the impact of Construction Quality Management (CQM) practices on Construction Project Outcomes (CPO) and also explore the moderating role of AI on this within this relationship.
The statical analysis for the survey results revealed and confirmed three findings. First, CQM practices demonstrated a significant positive effect on project outcomes. Second, AI exhibited a significant direct effect on project performance. Third, and most importantly, AI was found to moderate the relationship between CQM and project outcomes, which strengthen the explanatory power of the used model. The progression of the explanatory power from R2= 0.348 in baseline model to R2= 0.503 in the moderate model. This result reflects the amplifying role of AI not only on CQM, but within broader quality governance system. 
5.2 Critical Synthesis of Empirical Findings
The results in chapter four showed the statical analysis of the relationship among CQM, Artificial Intelligence, and Project Outcomes. The results confirmed the existence and structure of the relationship between the variables, but statistical significance alone does not fully explain the structural dynamics underlying the performance improvement in mega construction environments. 
Accordingly, this section provides important synthesis of the empirical findings by drawing on the complementary strengths of the mixed-method research approach that is used in this study. Quantitative evidence derived from descriptive statistics and structural equations modeling is integrated with the qualitative insights obtained from the survey responses. This mix of both methods allows for a richer and more nuanced interpretation of the governance implications of the results. It also form a triangulation of quantitative and qualitative evidence enhances the robustness of the analysis and also strengthens the validity of conclusions derived from the study.
The discussion will not only be restating numerical outcomes, but it will also examine how CQM and AI operate within project governance structures, whether their influence reflects structural integration or parallel contribution. Also, what the findings imply regarding digital maturity in large scale infrastructure programs, such as JSWP. 
5.2.1 CQM as Structural Governance Backbone
The empirical findings from the study confirm that CQM constitutes the primary governance driver influencing Project Outcomes. The overall CQM mean score (3.73) reflects a moderately high level of institutional quality practices across the sampled projects. More importantly, the Structural Equation Model (SEM) demonstrated a strong and statistically significant direct effect of CQM on Project Outcomes (β = 0.451, p < 0.001). This result confirms that structured quality planning, quality assurance & control, and quality improvement mechanisms remain central to performance delivery. 
The descriptive results indicate that quality culture and top management support recoded the highest means (above 4.10), which suggests that quality is formally recognized as a core organizational value. Quality control mechanisms also demonstrated relatively strong implementation, particularly in inspection processes and documentation systems. These findings collectively suggest that procedural and structural components of governance are firmly embedded in the examined projects.
However, the results simultaneously revealed operational imbalances within the quality system. Corrective and Preventive Action (CAPA) implementation scored the lowest mean (3.17), which indicates weakness in feedback loops effectiveness, it also reflects the reoccurring issues highlighted in JSWP quality logs. Furthermore, while spreadsheets tools showed the highest utilization (mean = 2.64) within the survey results, the enterprise-level integrated software adoption showed a low mean (2.64). This pattern of using traditional tools such as spreadsheets suggests a reliance within the selected projects on fragmented, manual tracking systems rather than integrated digital governance platforms. 
The structural configuration within the projects reflects what may be described as procedural maturity without a digital integration maturity. CQM operates as a compliance-driven governance framework, but its analytical capacity remains constrained by the limited system integration and data automation. Consequently, as CQM significantly explains performance variance its influence is primarily rooted in structured discipline rather than predictive intelligence, that can support CAPA and reduce the reoccurrence of quality issues. 
From a governance perspective, these findings position CQM as the foundational backbone of project control. It establishes accountability, standardization, and risk mitigation measures. However, the limitations found in digital infrastructure suggest that quality governance within JSWP projects remains largely reactive rather than fully data driven and proactive. This finding highlights a gap between current operational practices and the preventive orientation emphasized by classical quality theorists, such as Deming, Juran, and Crosby, whose frameworks advocate for systematic planning, early detection of quality issues, and continuous improvement as a fundamental principle of effective quality management. 
5.2.2 AI as an Emerging Performance Enabler
Artificial intelligence demonstrated a statistically significant direct effect on Project Outcomes within the SEM model (β = 0.230, p = 0.001), confirming AI adoption contributes independently to project performance. The overall AI mean score (3.67) indicates moderate organizational engagement with AI-related practices. Notably, interest in learning and using AI tools recorded high values from the survey results (mean=4.19). Respondents expressed strong belief in AI’s potential to enhance operational efficiency and data analysis. 
Despite this positive orientation, the readiness indicators present a more complex picture. The system readiness within sample projects for AI integration recorded a low to moderate mean (3.30), and enterprise software adoption remained low across projects. Additionally, qualitative responses highlighted recuring themes of management resistance, especially in older generations, as well as cost concerns, limited infrastructure, and inadequate training. 
The descriptive results further indicated that AI utilization is currently concentrated for analytical and supportive tasks, such as data visualization, automation and document generation, rather than being embedded within core quality workflows. This level of utilization of AI technology implies that AI functions as an augmentation tool rather than a structurally integrated governance mechanism.
The coexistence of high interest and moderate infrastructure readiness reflects what may be characterized as transitional digital maturity stage. Organizations recognize the potential of AI but have not yet invested to adopt this promising technology, nor supported the integration of AI within their quality management systems. As a result, AI might improve performance directly through efficiency gains and enhanced analysis, but it does not fundamentally alter the structural dynamics of quality governance. 
The interpretation is reinforced by qualitative evidence emphasizing reliance on spreadsheets, fragmented project data, and limited cross system integration between departments. Without unified digital architecture, AI applications remain promising rather than transformative and will not provide the desired cross departmental benefits and most importantly improving projects predictability and decision making. 
These findings suggest that AI adoption withing mega construction contexts especially in Saudi Arabia operates at an emerging enabler stage, contributing measurable performance benefits while remaining structurally external to established governance frameworks.
5.2.3 Structural Interpretation of SEM Model and Moderation Analysis
The structural Equation Modeling (SEM) analysis provided a comprehensive assessment of the relationship between CQM, AI, their interaction term, and Project Outcomes. The SEM results indicated that CQM exerts a strong and statistically significant positive effect on Project Outcomes (β = 0.451, p < 0.001), confirming that CQM role as a foundational governance mechanism within mega construction environment. AI also demonstrated a statistically significant direct effect on Project Outcomes (β = 0.230, p = 0.001), indicating that AI contributes independently to performance improvement. 
However, the interaction between CQM and AI was not statistically significant within the SEM framework (β = 0.017, p = 0.448). Accordingly, the hypothesis proposing a moderating effect of AI on the relationship between CQM and Project Outcomes was not supported in the structural model. 
It is important to note that earlier, the hierarchical regression analysis suggested a statistically significant interaction effect. The divergence between the regression-based moderation result and the SEM outcome warrants methodological clarification. Hierarchical regression relies on observed composite variables and does not explicitly account for measurement error. In contrast, SEM models are latent constructs, incorporates measurement reliability, and simultaneously estimates structural paths within an integrated framework. As a result, SEM provides a more conservative and statistically rigorous assessment of interaction effects in latent variable research. The absence of significant interaction path in the SEM model therefore represents the more robust structural conclusion. 
The findings suggest that AI functions as a performance enhancer for construction projects rather than a structural amplifier for quality governance within the sampled projects. While the results showed that AI independently improves project outcomes, it does not significantly alter the strength of the relationship between CQM and Project performance. It also indicates that CQM remains the dominant governance driver, and AI operates alongside it rather than reshaping its foundational and structural influence.
Additionally, the descriptive and qualitative findings further support this interpretation. Respondents reported high awareness of AI capabilities and strong belief in its potential impact and their willingness to discover it in depth. But, organizational digital readiness or maturity indicators, such as enterprise system integration and infrastructure adequacy, were comparatively moderate to low. Moreover, qualitative responses highlighted management resistance, low interest for investments in new technologies, reliance on traditional tools, lack of enterprise platforms, and limited structural digital integration. These conditions suggest that AI adoption within the examined projects on JSWP remains at an augmentation stage rather than a transformational integration stage. 
In governance terms, moderation would imply deep structural interdependence between quality management systems and digital intelligence mechanisms. The absence of statistically significant interaction effect in the SEM model indicates that such structural integration has not yet been fully realized in the projects. Instead, AI currently contributes through parallel influence by some team members as standalone initiatives, rather than been organizational wise supported through system embedded amplification. 
This pattern has been reported in several projects within JSWP, and it reflects evolutionary stage of digital maturity in which technological enhanced CQM practices tools can enhance overall quality performance independently before becoming fully integrated within governance architecture. These discovered patterns provide a subtle understanding of AI adoption in mega construction projects and lay the foundation for further theoretical advancement that will be discussed further in this chapter.
5.3 Theoretical Contributions and Advancement of Knowledge
This study contributes to the advancement of knowledge related to the intersection of Construction Quality Management, Artificial Intelligence, and project performance of mega-projects and large-scale infrastructure programs. While prior research has examined quality management frameworks and, separately, the application of AI technologies in construction, limited empirical work has investigated their integrated structural relationships within a unified analytical model. Building upon the theoretical foundations discussed in Chapter Two, namely Total Quality Management (TQM), ISO 9001, and the foundational philosophies of Deming, Juran, and Crosby. This study extends quality theory into a digitally augmented governance context. The findings not only validate core CQM principles but also provide empirical insight into the evolving maturity stage between traditional quality systems and emerging Quality 4.0 paradigms.
5.3.1 Contribution to Construction Quality Management Theory
The first theoretical contribution of this study lies in reinforcing and empirically validating CQM as a systematic governance construct rather than a collection of isolated procedural activities, that satisfies the compliance requirements. By modeling CQM as a latent variable composed of quality planning, assurance, control and improvement, the study confirms that quality management operates as an integrated governance architecture influencing overall project performance. The significant positive relationship observed between CQM, and project outcomes further supports the view that structured QMS remains a key determinant of project performance, thereby reinforcing the theoretical assumptions established by classical quality management scholars. 
Deming’s PDCA cycle emphasized continuous process control and systematic improvement. Juran’s quality trilogy structured quality into planning, control and improvement mechanisms. Crosby’s Zero Defects philosophy advocated prevention over correction. These foundational theories collectively shaped modern quality systems, particularly ISO 9001 and TQM, as discussed in chapter two. Therefore, the empirical validation of CQM in this study confirms the following:
· Quality Planning, Control, Assurance, and Improvement operate as an integrated governance system.
· Structured quality systems remain essential in managing complexity of large-scale programs.
· Proactive and preventive approaches continue to influence cost, schedule, quality, and stakeholder satisfaction.

Thus, this research reinforces the enduring theoretical relevance of classical quality philosophies within contemporary mega-projects settings.
5.3.2 From TQM to Quality 4.0: Empirical Insights
While traditional quality theories remain structurally valid, the findings suggest that the sampled projects operate within a transitional stage of digital maturity. TQM emphasizes culture, leadership commitment, and system wide responsibility. While ISO 9001 formalized these principles into documented, auditable systems. However, Industry 4.0 technologies introduce new capabilities including real time monitoring, predictive analytics, and intelligence automation, which extend beyond procedural compliance and requires strong foundational governance system, as the empirical results indicate the following:
· Strong direct effect of CQM on outcomes (confirming traditional frameworks).
· Significant direct effect of AI in project performance.
· Limited moderation effect in SEM.

This pattern suggests that AI currently functions primarily as an enhancer rather than as a fully embedded systemic moderator. And the findings align with emerging Quality 4.0 discourse, which conceptualize digital technologies as integrated quality enablers rather than standalone tools. 
However, the incomplete moderation observed in this study indicates that full quality 4.0 integration has not yet matured within examined context. Accordingly, this research positions large-scale infrastructure programs within a transitional evolution from procedural TQM based systems toward digitally augmented quality governance. 
5.3.2 Contribution to Artificial Intelligence Research in CQM
The second contribution addresses a critical gap in AI research within construction management. Existing studies frequently examine AI applications in specific defined technical domains, such as defect detection, computer vision monitoring, smart sensors, or drone inspections. While these studies demonstrate the technological capabilities of AI applications, they rarely position and discuss artificial intelligence within the broader governance structure of quality management systems. Although AI technologies have shown the potential to enhance CQM practices, their impact may remain below the desired level when implemented in the absence of robust quality governance frameworks capable of guiding their strategic integration.
This study adds in this regard by modelling AI as a system level construct within a structured equation framework, by examining its relationship with CQM and overall Project Outcomes. The findings confirm that AI exerts a statistically significant direct effect on project performance (β = 0.230, p = 0.001), thereby extending AI research beyond isolated technical applications to performance-level influence. 
However, the absence of significant moderating effect in the SEM model results suggests that AI adoption within the examined context remains additive rather than structurally transformative. This distinction advances AI scholarship by differentiating between technological augmentation and systematic governance integration. It indicates that AI may enhance efficiency and analytical capacity without yet restructuring the underlying quality governance architecture.
5.3.3 Contribution to Moderation and Digital Integration Literature
Another important methodological perspective is the theoretical contribution in the empirical examination of AI as a moderating variable within construction quality governance. While hierarchical regression analysis suggested potential interaction tendencies between AI and CQM, the Structural Equation Modeling (SEM) analysis did not confirm a statistically significant moderating effect once latent constructs and measurement error were accounted for. 
This methodological clarification is considered a contribution as it demonstrates the importance of using structural modeling techniques when testing moderation in complex governance systems. The divergence between regression and SEM findings underscores the necessity of cautious interpretation in digital transformation research. 
More importantly, the results also show that AI and CQM currently are operating in parallel rather than as structured interdepend systems. Moderation implies deep integration, feedback loops, and embedded predictive governance mechanisms. The absence of a significant interaction effect indicates that such integration has not yet been fully realized within JSWP projects. 
The finding contributes to digital literature by suggesting that transformation may occur in stages, rather than structural shift. AI adoption may initially function as an independent performance enhancer before evolving toward deeper and foundational integration within governance systems. Accordingly, digital integration in Construction Quality Management may be conceptualized as a staged process consisting of Stage 0 – Traditional CQM, Stage 1 – AI-enhanced CQM, and Stage 2 – Integrated digital governance, where AI becomes structurally embedded within quality management processes. Empirical evidence suggests that the examined projects are positioned near the AI-enhanced augmentation stage, transitioning between Stage 0 and early Stage 1.
5.3.4 Contribution to Mega-project Governance in the Saudi Context
The fourth contribution relates to the contextual regional scholarship. Mega infrastructure projects present governance challenges distinct from smaller construction environments due to scale, stakeholder complexity, regulatory oversights, and financial magnitude. Despite increasing global attention on digital transformation in construction, empirical evidence from large-scale projects in the Saudi context remains limited. 
This study provides statistically validated insights derived from high budget, multi stakeholder infrastructure program. By examining the interplay between quality governance and digital adoption in this context, the research contributes regionally grounded empirical evidence to the broader literature on construction digitalization. 
Furthermore, the findings also reveal that while quality governance structures are relatively mature within these projects, digital integration remains transitional. This nuanced understanding contributes to policy and governance discussions within rapidly developing infrastructure ecosystems, offering academically grounded evidence rather than technology driven optimism. 
5.3.5 Concluding synthesis of theoretical contributions
Overall, the research findings highlight that while classical Construction Quality Management frameworks continue to provide the structural foundation for quality governance, the integration of Artificial Intelligence remains at an evolving stage. This observation underscores the need for further research into governance models capable of systematically embedding digital intelligence within quality management systems.
5.4 Practical Implications and Evidence-Based Recommendations
The empirical findings of this study provide important practical implications for governance and management practices within large-scale construction programs. The results confirmed that CQM remains the dominant structural driver of project performance, while AI contributes independently as emerging performance enhancer.
However, the absence of statistically significant moderating effect indicates that AI technologies are not yet structurally embedded within quality governance mechanisms. The survey results and qualitative responses further revealed organizational challenges including limited digital infrastructure integration, reliance on spreadsheet-based tracking tools, and gaps in infrastructure and AI readiness and training for integration. Based on these insightful findings, several evidence-based recommendations are proposed below to strengthen governance maturity and enable more effective integration of digital intelligence within QMS. The recommendations are prioritized according to governance impact, starting from executive-level interventions and progressing toward operational and technological improvements. Table 5.1 summarizes the implementation action plan derived from the empirical findings of this study and translates the proposed recommendations into structured governance and operational initiatives.
5.4.1 Establish Executive-Level Digital Quality Governance
The survey finding confirms that leadership commitments and quality culture were among the strongest dimensions of CQM. At the same time, qualitative responses show organizational hesitation toward digital transformation as well as AI integration and adoption within current systems. This is suggesting that while current quality governance structure is strong, digital integration has not yet been strategically established. Senior leaders should therefore establish executive-level digital quality governance mechanisms that formally integrate AI-supported technology into project management frameworks, including CQM, and decision-making processes. Such type of initiative will support the governance and ensure that digital transformation initiatives align with existing quality management frameworks rather than operating as isolated technological enhancers. 
5.4.2 Integrate AI Analytics within Quality Monitoring Systems
The SEM results demonstrated that there is a statistically significant direct effect of AI on project outcomes, indicating that digital tools can enhance project performance through improved information processing and analytical capabilities. However, the absence of moderating effect suggests that AI tools are not yet fully embedded within the currents quality governance systems. Therefore, organizations should seek to integrate AI supported analytical power into quality monitoring platforms, enabling automated analysis of inspection results, defect patterns, and performance indicators. This integration would strengthen the analytical capacity of the QMS and support more proactive decision making by management. 
5.4.3 Reduce Reliance on Spreadsheet-Based Quality Tracking
 Survey findings also revealed extensive reliance on spreadsheets for tracking quality-related information, while enterprise-level digital platforms such as Aconex were rarely used. Although spreadsheets offer operational flexibility, limit system integration and reduce the effectiveness of data-driven platforms that unify and organize the forms and copies of used practices. Organization should transition toward integrated digital platforms that centralize inspection logs, non-conformance reports, and quality performance metrics within unified databases. Such systems would enable real-time monitoring and improve transparency across project teams.
5.4.4 Strengthening Data-Driven Corrective and Preventive Processes
The descriptive results indicate that comparatively lower scores for corrective and preventive action (CAPA) processes compared with other CQM dimensions. It suggests that issues are detected through inspections, and systematic learning from recurring quality issues is not established. Construction organizations, especially contractors, should strengthen CAPA process through digital root-cause analysis tools that are capable of identifying and flagging recuring defect patterns and linking them to preventive strategies. Enhancing analytical feedback loops will support a shift from reactive correction of issues toward predictive quality management. 
5.4.5 Develop AI Competencies Among Project Professionals
Survey responses showed strong interest among participants, especially younger generations, in learning AI tools but limited level of infrastructure readiness and formal training. This gap indicates that technology adoption must be supported by professional training and capability development. Organizations should therefore introduce structured training programs that equip quality and project teams and project managers with skills in data analytics, AI-supported reporting tools, and digital site inspection systems. At the same time, organizations must strengthen awareness of cybersecurity, data privacy, and data governance frameworks. The increasing use of AI-driven systems requires responsible management of project data, protection of digital infrastructure, and clear governance policies for data access and usage. Developing these competencies will enable quality professionals to effectively and securely utilize emerging digital technologies within their daily workflows. 
5.4.6 Establish Standardized Data Architecture and Governance for Integrated Project Data
Fragmented data structures and inconsistent data gathering and reporting formats, especially using spreadsheets, were identified from responses as barriers to digital integration. Without standardized data architecture, the effectiveness of AI-supported analytics remains limited. Beyond improving quality reporting, a standardized data structure enables the integration of information across multiple projects disciplines, allowing organizations to combine data related quality, safety, schedule performance, and cost. This cross-disciplinary integration strengthens the analytical power of digital systems by enabling the identification of relationships between site delays, safety incidents, quality issues, and their overall impact on project performance. Establishing unified data governance frameworks will therefore facilitate future digital integration and support more reliable and comprehensive performance monitoring. By enabling integrated and high-quality datasets across project disciplines, such data architecture may also enhance the potential moderating capacity of Artificial Intelligence within Construction Quality Management systems.
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	Table 5.1: Evidence-Based Action Plan for Enhancing AI-Integrated Construction Quality Management

	No
	Research Result (Chapter 4 Evidence)
	Recommendation
	Implementation Approach (How to Do It)
	Time Frame
	Required Resources
	Responsible Entity
	Expected Outcome / Success Indicator

	1
	Strong positive impact of leadership commitment and quality culture on project outcomes; qualitative responses indicate uncertainty toward AI adoption at management level.
	Establish Executive-Level Digital Quality Governance to guide AI integration within quality management systems.
	Form a digital quality governance committee within program leadership; incorporate AI-supported dashboards and digital performance indicators into executive quality review meetings.
	6–9 months
	Governance framework documentation, AI dashboards, leadership workshops
	Executive Management / Program Steering Committee
	Digital quality governance structure formally established and AI-based quality reports integrated into program review meetings.

	2
	Survey results indicate strong interest among professionals in learning AI tools but moderate levels of infrastructure readiness and training opportunities.
	Develop AI competency programs for project and quality professionals.
	Implement structured training initiatives covering AI tools, digital reporting platforms, and data analytics for quality engineers and project managers.
	6–9 months
	Training programs, digital learning platforms, external trainers or AI specialists
	Human Resources / Quality / and IT Department
	Increased AI literacy among project teams and improved ability to use digital tools in quality monitoring.

	3
	SEM results show a significant direct effect of AI on project outcomes, but no moderating integration with CQM processes.
	Integrate AI analytics into quality monitoring and reporting systems.
	Deploy AI-supported analytics tools to analyze inspection results, defect patterns, and quality performance indicators; embed AI insights within project performance reports.
	6–12 months
	AI analytics platforms, integrated reporting systems, data management tools
	PMO / Quality Management Department / IT Department
	AI-generated insights are incorporated into routine quality performance monitoring and reporting processes.

	No.
	Research Result (Chapter 4 Evidence)
	Recommendation
	Implementation Approach (How to Do It)
	Time Frame
	Required Resources
	Responsible Entity
	Expected Outcome / Success Indicator

	4
	Survey findings show heavy reliance on spreadsheets for quality tracking and relatively low use of integrated enterprise software systems.
	Reduce spreadsheet dependency through integrated digital quality management platforms.
	Gradually migrate inspection logs, NCR tracking, and quality documentation into centralized digital platforms integrated with project management systems.
	9–12 months
	Enterprise software systems, system integration support, database infrastructure
	IT Department / Digital Transformation Unit
	Centralized digital quality tracking system operational and reduction in manual spreadsheet-based reporting processes.

	5
	Lower mean scores for Corrective and Preventive Action (CAPA) processes compared with other CQM dimensions.
	Strengthen data-driven CAPA mechanisms within quality management systems.
	Establish centralized NCR databases and apply analytics tools to identify recurring defects, root causes, and preventive strategies.
	12-16 months
	NCR database systems, data analytics software, training programs
	Quality Assurance and Quality Control Departments
	Improved monitoring of recurring quality issues and implementation of preventive corrective action strategies.

	6
	Fragmented data systems and inconsistent reporting structures limit digital integration and effective AI utilization.
	Establish standardized data architecture for and Governance for Integrated Project Data.
	Develop unified data standards, centralized repositories for disciplines data, and integration protocols connecting inspection, reporting, and performance systems.
	12–24 months
	Data governance framework, IT integration tools, database infrastructure
	IT Governance Team / PMO
	Standardized projects data structure enabling reliable digital analytics and future AI integration.



While the recommendations presented in this section aim to strengthen the practical integration of Artificial Intelligence within Construction Quality Management systems, they also highlight several areas that require further academic investigation. In particular, the findings of this study suggest that the digital transformation of quality governance remains an evolving process, with important questions regarding data integration, organizational readiness, and governance frameworks still requiring deeper exploration. These observations provide a foundation for identifying several directions for future research in the field of AI-enabled construction quality management.
5.5 Future Research Directions
Based on the findings, limitations, and practical implications identified in this study, several research opportunities emerge that may contribute to advancing knowledge in AI enabled CQM systems. The results of this study suggest that the integration of AI within construction quality governance may evolve through progressive strategies rather than occurring as an immediate structural transformation.
Conceptually, this evolution may be understood through three stages of digital maturity as discussed in section 5.5.6. Stage 0 represents Traditional CQM, where governance relies primarily on conventional procedural frameworks and manual reporting systems. Stage 1 reflects AI-enhanced CQM, where artificial intelligence tools support analytics, monitoring, and decision-making but remain largely external to governance structures. Step 2 represents Integrated Digital Quality Governance, where AI becomes structurally embedded within quality management processes and may exert a moderating influence on project outcomes. 
The empirical evidence of this study suggests that the examined projects are currently positioned within the AI-enhanced stage of digital maturity, transitioning toward Stage 1. This observation highlights several research opportunities related to digital governance, organizational readiness, and the development of integrated frameworks capable of embedding AI within QMSs.
5.5.1 Longitudinal Studies of AI integration in CQM
The present study adopted a mixed method research design, that captured the relationship between CQM and AI, and Project outcomes at a specific point of time within JSWP. However, the integration of digital technologies within construction governance systems is a dynamic process that evolves throughout the lifecycle of projects and organizations. Future research may therefore employ longitudinal research designs to examine how the integration of AI within CQM systems develops over time. Such studies could provide deeper understanding and insight into whether the moderating influence of AI becomes stronger as organizations improve digital infrastructure, data integration, and governance maturity. 
5.5.2 Comparative Studies Across Project Types and organizational Context
This research focused primarily on large-scale infrastructure projects, which typically involve complex governance structures, multiple stakeholders, and significant technological resources. Future research could extend the analysis to different types of construction projects, including residential, industrial, and smaller scale projects. Comparative studies across project types, geographic regions, and organizational structures may help determine whether the relationship among CQM, AI and project outcomes may depend on project complexity, organizational maturity, or digital readiness.
5.5.3 Cross-Disciplinary Data Integration and Project Intelligence
Another promising direction for future research involves exploring integrated data architectures capable of combining information across multiple project disciplines. While quality management data provides valuable insights, combining data related to safety, schedule delays, productivity metrics, and cost controls may significantly enhance the analytical capabilities of digital systems. Future research may therefore investigate how integrated project data ecosystems can support cross-disciplinary analytics and enable AI systems to identify complex relationships among operational variables that can influence project performance. 
5.5.4 Cybersecurity, Data Privacy, and Digital Governance in AI driven Quality Systems
As construction organizations increasingly adopt digital platforms and AI-supported analytics, issues related to cybersecurity, data privacy, and digital governance become increasingly important. Future research should examine governance frameworks capable of ensuring the responsible management and protection of project data. Investigating policies for secure data sharing, ethical AI use, and digital risk management may contribute to the development of more resilient and trustworthy AI-enabled QMSs.
5.5.5 Organizational Readiness and Capability Development for AI Adoption
Survey respondents in this study indicated a strong interest from project professionals in utilizing AI tools, while infrastructure readiness and formal training levels still remained low. Future research may therefore explore organizational readiness factors that influence successful AI adoption in construction management environments. Investigating leadership commitment, workforce capabilities, digital culture, and change management strategies could provide valuable insight into how organizations can effectively transition toward AI-supported quality governance.
5.5.6 Develop and Empirical Testing for the Quality Intelligence Model (QIM)
Building on the empirical insights of this study, future research may explore integrated governance frameworks that embed AI within CQM systems. One potential direction involves the conceptual development and empirical testing of Quality Intelligence Model (QIM). The QIM concept is introduced as a potential framework for integrating AI-enabled analytics with traditional quality management processes during the early stages of project planning and implementation. During this early stage governance structures, quality strategies, project high level objectives, and risk management strategies are initiated. 
By aligning AI capabilities with core CQM functions such as quality planning and requirements, the QIM framework aims to support predictive analytics, intelligent risk detection, and data driven decision making throughout the lifecycle of the projects. future empirical studies may test and validate the QIM framework through case studies, pilot implementation, or comparative analysis across projects with varying levels of digital maturity in order to assess its potential contribution to the evolution of digitally augmented quality governance systems.
5.6 Limitations of the Study
While this study provides important empirical insights into the relationship between CQM, AI and Projects Outcomes, in large scale infrastructure projects, several limitations should be acknowledged when interpreting the findings.
First, the study employed a mixed method research design where data collected at a single point in time. Although this approach is common in organizational and project management research, it limits the ability to observe longitudinal changes in digital maturity and quality governance practices. The adoption and integration of artificial intelligence within CQM is an evolving phenomenon, and longitudinal studies could provide deeper understanding into how AI integration influences quantitative governance over different project phases.
Second, the research relied on survey-based responses obtained from project professionals involved in in large infrastructure programs. While the sample included experienced participants from various roles and organizations, but survey data inherently dependent on respondents’ perceptions and self-reported assessments of organizational practices. Also, measures were taken  to ensure reliability and validity of constructs perceptual bias cannot be completely eliminated. 
Third, although a total of 167 survey responses were collected, the number of responses that met the data screening criterial for statistical analysis ranged between approximately 130 and 140 valid observations. While this sample size is considered adequate for Structural Equation Modeling in management research, broader samples across multiple infrastructure programs and geographic context could enhance the generalization of the findings. 
Fourth, the study focused primarily on large scale infrastructure projects in a specific regional context, Jeddah. Large scale infrastructure programs differ from smaller construction projects in governance structure, stakeholder complexity, and technological capacity. Consequently, the findings may not be directly generalized to small and medium-sized construction environments without further empirical validation. 
Finally, the study examined AI as an emerging organizational capability within CQM systems. Given the relatively early stage of AI adoption across many construction organizations, the operational maturity of digital tools varies significantly among projects. As a result, the moderating role of AI within quality governance structures may evolve as organizations continue to develop digital infrastructure and analytical capabilities.  
Despite these limitations, the study provide a valuable empirical evidence regarding the evolving relationship between traditional quality management frameworks and emerging digital technologies in mega construction environments. 
5.7 Chapter Summary and Concluding Remarks
This chapter presented a comprehensive discussion of the empirical findings of the study and examined their implications for CQM theory, artificial intelligence adoption, and governance practices in large infrastructure projects. The analysis confirmed that CQM remains a fundamental determinant of project performance, reinforcing the continued relevance of classical quality management principles derived from TQM, ISO systems, and foundational philosophies of quality gurus. 
The empirical results showed that AI also contributes positively to project outcomes, indicating that digital technologies can enhance analytical capabilities and decision support processes within construction management environments. However, the structural analysis reveals that AI does not yes significantly moderate the relationship between CQM and Project Outcomes. These findings suggest that digital technologies are currently functioning primarily as supportive analytical tools rather than as a fully embedded governance mechanism within QMS. 
This discussion of findings highlighted a transitional stage in the evolution of quality governance within infrastructure programs. While traditional quality management frameworks remain structurally strong, the integration of advanced digital technologies still developing. This observation aligns with emerging discussions in the literature concerning the transition toward Quality 4.0, where data driven technologies, augment established quality CQM practices. 
Building on these insights, the chapter presented theoretical contributions that extend existing knowledge in CQM and AI research. Practical implications were also outlined in the form of evidence-based recommendations aimed at strengthening governance structures, enhancing digital infrastructure integration, and developing organizational capabilities for AI-supported quality management. 
Finally, the chapter introduced future research direction emphasizing the need to explore integrated frameworks that embed AI within QMS. In this context, the concept of the Quality Intelligence Model (QIM) was proposed as a potential research framework for examining how AI-enabled analytics can support predictive quality management and data driven decision-making in complex infrastructure projects. Further empirical investigations of such frameworks may contribute to the evolution of CQM from procedural governance toward intelligent, digitally augmented systems. 
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