
Volume-07 Issue 08, August-2023                                                                                                  ISSN: 2456-9348 (Online) 

                                                                                                                                                     SJIF Impact Factor: 6.736 

  

 
INTERNATIONAL JOURNAL OF ENGINEERING TECHNOLOGY RESEARCH & MANAGEMENT (IJETRM) 

Peer-Reviewed | Open Access | International Journal 

https://ijetrm.com/ 

 

IJETRM | https://ijetrm.com                                                      [182]                          © Author(s) 2026 | CC BY 4.0 International License. 

 

 

ARTIFICIAL INTELLIGENCE IN CONSTRUCTION LEADERSHIP: THE GCLM 

2.0 FRAMEWORK FOR INTELLIGENT, PEOPLE-CENTERED PROJECT 

DELIVERY 
 

Mohammad Habibur Rahaman  

Founder & CEO, PGAN- Papple Holdings Advisory Network (USA) | Director, Papple World FZE 

LLC (UAE) | Founder, Papple Global Limited (UK) | Managing Director, Madeen Building 

Contracting LLC OPC (UAE) | MBA (Business Administration), William Carey University | Level 8 

Strategic Management & Leadership | B.Tech Civil Engineering | PMP® | Lean Six Sigma Black Belt 

| Architect of GCLM 2.0 | Construction, Infrastructure, AI & Strategic Advisory 

|  www.mrahaman.com | m.rahaman.gm@gmail.com | info@mrahaman.com 
 

 

ABSTRACT 

Background: The global construction industry is undergoing rapid artificial intelligence (AI) adoption, with the 

market estimated at approximately USD 12.9 billion in 2026 and projected to more than double by 2031. However, 

a parallel body of leadership-competency literature indicates that AI adoption alone does not reliably translate 

into improved project performance. Objective: This paper aims to introduce the Global Construction Leadership 

Model 2.0 (GCLM 2.0) and its AI-enabled extension, AI-GCLM, as an integrative framework identifying 

leadership competency as the determining factor in whether AI investment converts into measurable construction 

project outcomes. Methodology: This is a conceptual, practitioner-derived framework paper following an 

established conceptual-article research design (Theory Synthesis and Theory Adaptation approaches). It 

synthesizes current market-research data and peer-reviewed construction-leadership and construction-technology 

literature (2011–2026) with field observations from over a decade of practitioner experience in UAE-based 

building-contracting operations. Findings: The reviewed literature converges on leadership readiness, not 

technology access, as the binding constraint on AI value capture in construction. GCLM 2.0 addresses this by 

structuring five interdependent leadership pillars, and AI-GCLM formalizes a four-layer governed architecture 

linking AI-generated insight to accountable human decision-making. A five-level organizational AI-maturity 

model is also proposed. Conclusion: Frameworks connecting predictive technology to accountable leadership are 

increasingly necessary as AI becomes standard construction infrastructure; empirical validation of GCLM 2.0 is 

identified as a priority for future research. 
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INTRODUCTION 

Construction remains one of the least digitized major sectors of the global economy, and it is simultaneously one 

of the sectors facing the sharpest convergence of pressures: chronic labor shortages, tightening safety mandates, 

thin margins, and rising capital flows into large-scale infrastructure and data-center projects. Against this 

backdrop, artificial intelligence has moved decisively from experimentation to deployment. Independent market 

analyses place the global AI-in-construction market at approximately USD 11–13 billion in 2026, with projected 

compound annual growth in the range of 17–25% through the early 2030s, driven primarily by predictive 

scheduling, computer-vision safety monitoring, and AI-assisted design and estimation tools (Mordor Intelligence, 

2026; Fortune Business Insights, 2026). 

Digitalization efforts elsewhere in construction show a similar pattern of uneven, leadership-gated adoption. 

Building Information Modeling (BIM), now over a decade into mainstream availability, still shows adoption 

differences driven more by organizational culture, training, and perception than by software cost (Aladağ et al., 

2023). Digital twin technologies, now applied across virtual design, safety management, and predictive 

maintenance in construction, face comparable adoption barriers rooted in organizational readiness rather than 

technical feasibility (Omrany et al., 2023). Generative AI tools for text- and image-based construction applications 
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are similarly described as held back less by model capability than by unclear implementation frameworks and 

workforce readiness (Ghimire et al., 2024). 

Technology-adoption curves, however, are not the same as performance curves. A recurring finding across recent 

construction-management literature is that digital transformation succeeds or stalls based on leadership 

competency rather than on the sophistication of the tools themselves (Yang et al., 2026; Athamlebbe & Rahimi, 

2025). Firms that pair AI deployment with deliberate leadership development — communication, emotional 

intelligence, cross-cultural team management, and governed decision authority — consistently outperform firms 

that treat AI as a plug-in technology layer bolted onto unchanged management practices. This is particularly salient 

in Gulf Cooperation Council (GCC) construction markets, where multicultural, expatriate-dominated workforces 

introduce leadership and communication demands that are independently documented to affect construction 

productivity (Kuoribo et al., 2024). 

A separate but converging concern has emerged around the governance of AI-informed decisions themselves. As 

AI and robotics adoption accelerates in the architecture, engineering, and construction (AEC) sector, researchers 

have identified job security, data privacy, decision-making conflict, and liability as unresolved ethical issues 

requiring deliberate organizational governance rather than passive acceptance of vendor defaults (Liang et al., 

2024). Parallel work on trustworthy AI implementation in construction similarly argues for lifecycle-spanning 

governance frameworks rather than point-in-time technical validation alone. These findings collectively motivate 

the governance-centered design adopted in this paper. 

Despite this convergence of evidence from technology-adoption research, leadership-competency research, and 

AI-governance research, few existing frameworks explicitly integrate all three bodies of literature into a single 

operational model that a working construction director can apply on a live project. This is the specific gap this 

paper addresses. The objective of this study is threefold: first, to synthesize current evidence on AI adoption, 

leadership competency, and AI governance in construction into a coherent conceptual position; second, to 

introduce the Global Construction Leadership Model 2.0 (GCLM 2.0), a five-pillar leadership framework, and its 

AI-native extension, AI-GCLM; and third, to propose a diagnostic organizational AI-maturity model that 

construction firms can apply to sequence leadership development against AI investment. 

The significance of this study lies in its dual grounding: it is developed from over a decade of direct, practitioner-

level project-delivery experience in UAE-based building-contracting operations, and it is cross-validated against 

current peer-reviewed literature spanning construction technology adoption, leadership competency, and AI 

ethics. This combination — uncommon in either purely academic or purely practitioner-authored work — is 

intended to make the resulting framework immediately usable by construction executives while remaining open 

to formal empirical testing by the academic research community, following established methodological guidance 

for conceptual contributions in management research (MacInnis, 2011; Jaakkola, 2020). 

 

METHODOLOGY 

Research Design 

This study adopts a conceptual research design, following the methodological guidance established for non-

empirical, theory-building contributions in management research (MacInnis, 2011; Jaakkola, 2020). Specifically, 

the paper combines two of Jaakkola’s (2020) four recognized conceptual-article templates: Theory Synthesis, in 

which disparate literatures — construction technology adoption, construction leadership competency, and AI 

governance and ethics — are integrated into a unified conceptual model; and Theory Adaptation, in which 

established leadership-competency and Lean Six Sigma principles are adapted and extended to address the AI-

transformation context specific to construction. A conceptual design was selected over an empirical design 

because the intersection of AI adoption and leadership competency in construction remains theoretically 

underdeveloped, with existing studies addressing each theme largely in isolation (see Introduction); a conceptual 

synthesis is therefore the appropriate first step, consistent with recommended practice for emerging, fragmented 

research areas (Jaakkola, 2020). 

Study Context 

The practitioner component of this study is grounded in the United Arab Emirates (UAE) building-contracting 

sector, specifically residential, commercial, and infrastructure-adjacent projects delivered through Madeen 

Building Contracting LLC OPC, Ras Al Khaimah, UAE, between 2016 and 2026. This context was selected 

because GCC construction markets combine three conditions of direct relevance to this study’s research problem: 

a highly multinational, multicultural workforce structure (Kuoribo et al., 2024); accelerating AI and digital-

technology investment consistent with regional infrastructure development; and, at the time of writing, no 

published construction-leadership framework specifically integrating AI governance for this market context. 
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Data Sources and Sample 

Two complementary data sources inform this paper. The first is a structured review of peer-reviewed and industry 

literature published primarily between 2016 and 2026, covering four thematic areas: (1) AI adoption and market 

trends in construction (e.g., Mordor Intelligence, 2026; Fortune Business Insights, 2026); (2) construction 

leadership competency research (e.g., Salimimoghadam et al., 2025; Rehan et al., 2024a, 2024b); (3) construction 

technology-adoption research spanning BIM, digital twins, generative AI, and computer vision (e.g., Aladağ et 

al., 2023; Omrany et al., 2023; Ghimire et al., 2024; Mohy et al., 2024); and (4) AI ethics and governance in the 

AEC sector (e.g., Liang et al., 2024). Sources were identified through targeted searches of Scopus-indexed and 

DOI-registered publications and were prioritized for recency, methodological transparency, and direct relevance 

to construction leadership or AI adoption. The second data source is reflective practitioner experience — an 

accepted basis for conceptual and applied management frameworks (Jaakkola, 2020) — drawn from direct 

project-delivery involvement across multiple UAE-based building-contracting projects, including exposure to AI-

informed tools such as scheduling software, drone-based progress monitoring, and BIM clash-detection systems. 

Instrumentation and Framework Development Process 

No survey instrument, interview protocol, or quantitative measurement tool was used, consistent with this paper’s 

conceptual research design. The GCLM 2.0 framework and its five pillars were developed iteratively over multiple 

years of practitioner application, beginning with a narrower operational focus on lean execution and quality 

management, and expanding to incorporate stakeholder communication, cross-cultural leadership, and finally 

technology and AI integration as a formal, co-equal pillar. Each iteration was informally tested against live project 

outcomes before being retained in the model. The AI-GCLM architecture, the organizational AI-maturity model, 

and the AI-governance decision matrix presented in the Results and Discussion section were subsequently 

developed by cross-referencing this practitioner-derived structure against the peer-reviewed literature identified 

above, in order to verify that the proposed structures were consistent with, rather than contradictory to, current 

academic findings. 

Data Analysis 

Thematic synthesis was used to analyze the literature: sources were coded manually into the four thematic areas 

listed above, and recurring findings within each theme were extracted to construct the Literature Review presented 

in the Results and Discussion section. Convergent findings across the technology-adoption and leadership-

competency literatures were then used to validate — or, where inconsistent, to revise — each pillar and structural 

element of the GCLM 2.0 and AI-GCLM frameworks. No statistical analysis was performed, and no claims of 

statistical generalizability are made; this limitation is addressed explicitly in the Conclusion. 

 

RESULTS AND DISCUSSION 

The State of AI Adoption in Global Construction 

Multiple industry analyses converge on the same directional finding even where absolute market-size figures 

diverge: AI adoption in construction is accelerating fastest in project-management, scheduling, and safety/risk 

applications, with cloud-based deployment now dominant due to its flexibility and lower upfront cost (Fortune 

Business Insights, 2026; Mordor Intelligence, 2026). Table 1 summarizes the two most recent market projections. 

Table 1: Comparison of Global AI-in-Construction Market Projections 

Source 2026 Base (USD Bn) Projected Value CAGR 

Mordor Intelligence (2026) 12.94 27.92 Bn by 2031 16.62% 

Fortune Business Insights (2026) 6.02 35.53 Bn by 2034 24.80% 

 

Despite the spread in absolute figures — a reflection of differing scope definitions (software only versus software 

plus hardware plus services) — every major report agrees on direction and primary drivers: rising capital flows 

into digital infrastructure, persistent labor shortages, and tightening safety mandates. Adoption remains uneven: 

survey-based estimates suggest only a minority of construction firms have fully implemented AI tools, with 

adoption rates nearly double among large firms relative to small and mid-sized contractors (Gitnux Research, 

2026). Consistent with this, comparable digitalization efforts — BIM (Aladağ et al., 2023), digital twins (Omrany 

et al., 2023), and generative AI (Ghimire et al., 2024) — show adoption gated less by cost than by organizational 

readiness, training, and perceived value, reinforcing this paper's central proposition that leadership capacity, not 

capital access, is the binding constraint. 
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Leadership Competency Research in Construction 

A parallel and growing body of peer-reviewed literature has examined which leadership competencies actually 

move project outcomes. A 2025 systematic literature review following PRISMA 2020 guidance, synthesizing 43 

peer-reviewed studies published between 2005 and 2025, found that emotional intelligence, communication skill, 

strategic thinking, adaptability, and empowerment consistently contribute to project success across sectors 

(Salimimoghadam et al., 2025). A 2025 study specifically addressing digital leadership competency in 

construction found that effective digital transformation depends on three interlocking competency themes — 

digital knowledge, technical project-management knowledge, and sustainability-oriented knowledge 

(Athamlebbe & Rahimi, 2025). Complementary 2026 research based on interviews with thirteen senior managers 

at construction organizations identified five primary barriers to digital transformation and found that specific 

leadership competencies function as counterforces to these barriers (Yang et al., 2026). 

Other recent work reinforces the behavioral dimension of project leadership across diverse markets. An Australian 

study surveying 101 project-management practitioners found that leadership styles and competencies vary by 

context but with significant similarity across building sectors and project sizes (Jin et al., 2026). A Nigerian study 

found that project-manager leadership competence must extend through all levels of an organization to maximize 

impact on project performance (Okonkwo et al., 2025). Two related Australian studies identified relationship-

building, motivation, influence, vision, trust, and goal-orientation as the top globally reported leadership traits 

(Rehan et al., 2024a, 2024b). A study of supportive leadership among new-generation construction workers in 

China further found that leadership style directly shapes safety self-efficacy and team safety climate (Cui & Mo, 

2025) — a finding directly relevant to the Human-Centered Team Leadership pillar of GCLM 2.0, discussed 

below. 

The GCLM 2.0 Framework 

Building on the convergent findings above, this paper proposes the Global Construction Leadership Model 2.0 

(GCLM 2.0), organizing construction leadership capability into five interdependent pillars, shown in Figure 1: 

Strategic Visioning, Data-Driven Decision Making, Lean & Agile Execution, Human-Centered Team Leadership, 

and Technology & AI Integration. No pillar is designed to function in isolation: strategic visioning without data-

driven decision-making produces plans disconnected from field reality; technology integration without human-

centered leadership produces tools that go unused, consistent with observed adoption failures in BIM (Aladağ et 

al., 2023) and digital twin implementations (Omrany et al., 2023); lean execution — informed by established Lean 

Six Sigma implementation research in construction (De Silva et al., 2025) — without stakeholder communication 

produces efficient work that stakeholders do not trust. 

 
Figure 1: The GCLM 2.0 Framework — Five Core Leadership Pillars 

 

Figure 2 presents an illustrative competency comparison between a conventional construction leader and an AI-

augmented leader operating under GCLM 2.0. This comparison is conceptual — offered as a diagnostic and 
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developmental tool rather than a validated psychometric instrument — and is consistent with the digital-

leadership-competency literature reviewed above, which identifies digital and AI fluency as the area where 

construction leaders most often lag. 

 
Figure 2: GCLM 2.0 Leadership Competency Profile (Illustrative) 

The AI-GCLM Extension and Governance Architecture 

AI-GCLM formalizes how AI outputs should flow into leadership decision-making rather than around it. The 

architecture, shown in Figure 3, is intentionally layered: raw field and enterprise data (Layer 1) feeds AI-

processing systems (Layer 2), which generate predictive insight (Layer 3), which is then interpreted and acted 

upon by human leadership operating under GCLM 2.0 competencies (Layer 4). The explicit inclusion of a 

governance layer above the AI-processing layers directly addresses the ethical concerns — job security, data 

privacy, decision-making conflict, reliability and safety, and liability — identified in systematic reviews of AI 

and robotics ethics in the AEC sector (Liang et al., 2024). 

 
Figure 3: AI-GCLM Integration Architecture 
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Table 2 maps this architecture against the nine ethical issues identified by Liang et al. (2024), illustrating how 

each governance function addresses a specific, previously documented risk. 

 

Table 2: AI-GCLM Governance Layer Mapped to Documented AEC AI-Ethics Concerns 

Documented Concern (Liang et al., 

2024) 
AI-GCLM Governance Response 

Decision-making conflict Named, accountable leader retains sign-off authority (Layer 4) 

Reliability and safety Human-led review required for high-stakes, high-ambiguity decisions 

Data transparency AI outputs interpreted and contextualized before becoming decisions 

Liability Governance layer creates a documented chain of accountability 

Market Context and the Construction AI-Maturity Model 

Segment-level data reinforces the GCLM 2.0 emphasis on project-management and risk applications over pure 

automation: project-management solutions hold the largest single solution share (approximately 33% in 2026), 

while risk-management applications are forecast to grow fastest as project complexity increases (Fortune Business 

Insights, 2026). Building on this and on the AI-GCLM architecture, this paper proposes a five-level maturity 

model, shown in Figure 4, classifying organizations by how deeply AI-informed insight is integrated into 

leadership decision authority rather than by software spend. 

 
Figure 4: Construction AI Adoption Maturity Model (GCLM 2.0 Lens) 

 

Level 1 (“Manual & Reactive”) and Level 2 (“Digitized”) describe the majority of small and mid-sized contractors 

still relying on spreadsheets and basic BIM. Level 3 (“Connected”) reflects firms with cloud project-management 

tools but limited predictive capability. Levels 4 and 5 — “Predictive” and “Autonomous & Adaptive” — describe 

the minority of large firms currently piloting machine-learning scheduling and computer-vision safety systems, 

an application area with an established and growing technical literature (Mohy et al., 2024). The practical value 

of this model is diagnostic: advancing from Level 3 to Level 4 requires leadership and governance capability — 

interpreting model outputs, retraining teams, redesigning decision rights — far more than it requires additional 

software spend. 

Field-Grounded Discussion 

The following observations are drawn from direct project-delivery experience in UAE-based building contracting 

and are offered as illustrative field context rather than as a formal empirical case study. Three patterns recur across 

projects where AI-informed tools were introduced without a parallel leadership-development effort: first, adoption 

tends to stall at the site-supervisor level even when senior management endorses the tools, consistent with the 

digital-competency-gap literature (Athamlebbe & Rahimi, 2025); second, cross-cultural communication friction 
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— well documented in GCC construction workforce research (Kuoribo et al., 2024) — is frequently the actual 

root cause of what appears on the surface to be a technology-adoption problem; and third, the projects that 

sustained AI tool usage past the pilot phase were consistently the ones where a designated leader was made 

explicitly accountable for translating AI outputs into daily toolbox-talk decisions. These observations are directly 

consistent with supportive-leadership safety research showing that leadership style — not technology alone — 

shapes team safety climate and behavior (Cui & Mo, 2025), and with digital-transformation research identifying 

leadership competencies as the primary counterforce to organizational resistance (Yang et al., 2026). 

 

CONCLUSION 

The construction industry's AI transition is well underway at the level of market investment, but the evidence 

reviewed here indicates that project-level performance gains remain gated by leadership capability rather than 

software capability. This paper's principal contribution is the Global Construction Leadership Model 2.0 (GCLM 

2.0) and its AI-GCLM extension: a practitioner-grounded, five-pillar framework, a four-layer governed AI 

architecture, and a five-level organizational maturity model, developed through more than a decade of UAE 

construction practice and cross-validated against current peer-reviewed literature on construction technology 

adoption, leadership competency, and AI ethics. 

The principal limitation of this study is its conceptual, non-empirical design: the competency profile, governance 

matrix, and field observations presented are illustrative and have not been validated through a structured empirical 

study such as a survey instrument or multi-site case comparison. Future research should pursue empirical 

validation of the five-pillar structure across a representative sample of GCC and international contracting firms, 

following methodologies comparable to Salimimoghadam et al. (2025) and Jin et al. (2026); longitudinal testing 

of whether AI-maturity advancement predicts measurable project-performance outcomes; and comparative 

analysis of AI-GCLM against existing digital-leadership-competency frameworks (Athamlebbe & Rahimi, 2025; 

Yang et al., 2026). As AI tools continue moving from pilot to standard practice across the construction project 

lifecycle, frameworks that explicitly connect predictive technology to accountable human leadership will be 

increasingly necessary for firms seeking to convert AI investment into reliable project outcomes. 
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