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The Role of AI in Advancing Sustainable Finance and Environmental Management 

Impact: An Analysis of Leading Construction Firms on the London Stock Exchange 

 

Abstract 

Purpose – The construction industry faces increasing pressure to align business practices with 

sustainable finance objectives and environmental responsibility. This study investigates how major 

construction firms listed on the London Stock Exchange (LSE) disclose and position artificial 

intelligence (AI) technologies in relation to sustainable finance initiatives and environmental 

management practices. 

Design/methodology/approach – Guided by the Resource-Based View (RBV) and Stakeholder 

Theory, the study employs qualitative content analysis of sustainability reports, ESG disclosures, 

and annual reports published between 2021 and 2024 by 23 LSE-listed construction firms. An 

iterative coding process was used to identify key themes and cross-case patterns relating to 

reported AI-enabled sustainability practices. 

Findings – Four major themes emerged from the analysis: AI-driven environmental innovation; 

AI integration into sustainable finance mechanisms; strategic positioning and stakeholder 

communication of AI-enabled sustainability; and AI-supported environmental risk monitoring and 

compliance. The findings suggest that firms increasingly position AI as supporting environmental 

performance, sustainability reporting, stakeholder engagement, and sustainability-oriented 

governance. Cross-case analysis further revealed differences in the reported scope, maturity, and 

strategic framing of AI-enabled sustainability initiatives across firm categories, ranging from 

integrated systems to targeted applications, pilot initiatives, and future-oriented commitments. 

These differences are interpreted as indicative disclosure patterns rather than evidence of firm-size 

effects or independently verified differences in technological capability. 

Originality/value – This study provides a novel perspective on the role attributed to AI within 

sustainability-oriented organisational contexts by examining how firms report and position AI in 

relation to environmental management, sustainable finance activities, and stakeholder 

communication. Rather than focusing solely on operational efficiency, the study highlights the 

strategic and communicative dimensions of AI within corporate sustainability narratives. The 

research provides empirical evidence relevant to RBV and Stakeholder Theory within the 

digitalisation context of the construction sector, while highlighting the importance of disclosure 

credibility, sustainability assurance, organisational legitimacy, and the potential for technology-

enabled impression management. 
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Research implications – The study contributes to scholarly understanding of how AI is 

represented within sustainability-oriented organisational processes and develops an integrative 

conceptual framework of theoretically proposed relationships among AI-enabled sustainability 

capabilities, sustainability-oriented organisational capabilities, environmental and governance 

outcomes, stakeholder communication, organisational legitimacy, and sustainable finance 

opportunities. The framework should be interpreted as a conceptual and theoretically informed 

representation rather than a validated causal model. The findings further highlight the importance 

of critically evaluating AI-enabled sustainability disclosures and provide a foundation for future 

empirical research on AI governance, sustainability assurance, ESG accountability, and the 

proposed relationships. 

Keywords: Artificial Intelligence; Sustainable Finance; Environmental Management; 

Construction Industry; Stakeholder Theory; Resource-Based View 

Introduction 

The construction industry plays a crucial role in global economic development, yet it remains one 

of the most resource-intensive and environmentally impactful sectors (UNEP, 2020; World Green 

Building Council, 2021; Prasad et al., 2021). The urgent global agenda to combat climate change, 

resource depletion, and promote social equity has intensified pressure on construction firms to 

embed sustainability within their core business models (World Green Building Council, 2021; 

Pathak et al., 2022; UNEP, 2020). Parallel to these developments, sustainable finance investment 

and lending practices that integrate environmental, social, and governance (ESG) criteria have 

emerged as a critical mechanism for advancing corporate sustainability performance (Ahmad et 

al., 2025; Sullivan & Mackenzie, 2017; Matser et al., 2023; OECD, 2020; Bloomberg, 2017). 

Artificial intelligence (AI) technologies are increasingly recognized for their transformative 

potential in addressing complex sustainability challenges (Amanollahnejad et al., 2026; Aliero et 

al., 2022; Pigola et al., 2021; Naji et al., 2024; Yang & Zhao, 2025). In construction, AI is 

employed to optimize energy use, improve predictive maintenance, reduce waste, and enhance 

sustainable design and project delivery (Aliero et al., 2022; Bai et al., 2026; Timilsena et al., 2024; 

Sacks et al., 2020). Furthermore, AI-driven digital innovations have been identified as enablers of 

the United Nations Sustainable Development Goals (SDGs), offering new pathways toward 

sustainable urbanization and responsible resource management (Pigola et al., 2021; United 

Nations, 2021; Ning et al., 2023). For the purposes of this study, AI refers to computational 

systems that employ advanced analytical, predictive, learning, or decision-support capabilities to 

process data and generate insights beyond routine automation. Accordingly, conventional 

digitalization tools, information systems, and automation technologies are not classified as AI 

unless they incorporate machine learning, predictive analytics, intelligent monitoring, adaptive 

algorithms, or comparable data-driven decision-support functionalities. This distinction provides 
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clear conceptual boundaries between AI, automation, digital transformation, and general data 

analytics throughout the study. 

However, while the technical application of AI for operational efficiency and automation in 

construction has been well documented (Papadonikolaki et al., 2023; Varga, 2023; Shala & 

Berisha, 2024; Oesterreich & Teuteberg, 2016; Newman et al., 2021; Li et al., 2018; Man et al., 

2024), its specific role in sustainable finance processes and environmental performance disclosure 

remains underexplored (Pigola et al., 2021; Sullivan & Mackenzie, 2017; Matser et al., 2023). 

Existing research frequently treats AI and corporate sustainability reporting as separate 

phenomena, providing limited understanding of how technological capabilities may connect 

environmental management with sustainability-related reporting and financial processes (Naji et 

al., 2024; Bloomberg, 2017). Moreover, there is a notable lack of empirical studies focusing on 

publicly listed construction firms, where stakeholder pressures and financial market expectations 

significantly influence strategic behavior and disclosure practices (OECD, 2020; Hansen, 2024; 

Yang & Zhao, 2025). Beyond this literature integration gap, an important theoretical gap remains. 

Existing studies commonly explain AI-enabled sustainability either from an internal capability 

perspective or through externally oriented stakeholder, ESG, and legitimacy considerations, 

providing limited explanation of how these dimensions interact. RBV explains how AI-related 

resources may contribute to sustainability-oriented organisational capabilities but provides less 

insight into how these capabilities are communicated, evaluated, and legitimised by external 

stakeholders. Conversely, Stakeholder Theory explains organisational responses to stakeholder 

expectations and legitimacy pressures but provides less specificity regarding the internal 

technological capabilities underpinning such responses. 

This study addresses these gaps by exploring how leading construction firms position AI-enabled 

capabilities in relation to sustainable finance, environmental management, and sustainability 

reporting (Barney, 1991; Freeman, 1984; Pigola et al., 2021). The theoretical framing is grounded 

in the RBV and Stakeholder Theory. RBV provides a lens for understanding how AI-related 

resources may be developed and embedded within sustainability-oriented organisational 

capabilities (Barney, 1991; Teece, 2007), while Stakeholder Theory provides a complementary 

lens for understanding how firms communicate these capabilities and respond to the expectations 

of investors, regulators, customers, and broader society (Freeman, 1984; Mitchell et al., 1997). 

Their integration connects the internal development of AI-enabled sustainability capabilities with 

external stakeholder communication, organisational legitimacy, and sustainable finance 

opportunities, providing a more complete explanation of how these internal and external 

dimensions may interact. 

This study makes several contributions to the literature on AI, sustainable finance, and 

environmental management within the construction sector. It addresses an important empirical gap 

by examining how publicly listed construction firms position AI in relation to sustainable finance 

processes and environmental performance disclosures. The study also provides an integrative 
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theoretical contribution by demonstrating the complementary explanatory value of RBV and 

Stakeholder Theory in connecting internally oriented AI-enabled sustainability capabilities with 

externally oriented stakeholder and legitimacy processes. Rather than claiming to extend or modify 

either theory independently, the study applies and integrates these established perspectives to 

develop a context-specific framework for interpreting how AI-enabled capabilities, sustainability 

outcomes, stakeholder communication, organisational legitimacy, and sustainable finance 

opportunities are represented within corporate disclosures. 

The remainder of the paper is organized as follows. Section 2 reviews the relevant literature and 

theoretical foundations. Section 3 details the research design, data collection procedures, and 

analytical approach. Section 4 presents the empirical findings. Section 5 discusses the theoretical 

and practical implications of the results. Finally, Section 6 concludes by outlining the study’s 

contributions and suggesting avenues for future research. 

 

2. Research Background 

 

2.1 Theoretical Foundations 

This study draws upon the RBV and Stakeholder Theory as complementary theoretical foundations 

for examining how construction firms leverage AI to support sustainable finance initiatives and 

environmental management objectives. Together, these perspectives provide insights into both the 

internal capability-development processes associated with AI adoption and the external 

stakeholder relationships that influence sustainability-related disclosures and organizational 

legitimacy (Barney, 1991; Teece, 2007; Freeman, 1984; Donaldson & Preston, 1995). 

From an RBV perspective, the value of AI extends beyond technological adoption itself and lies 

in how organizations embed AI within broader sustainability-related processes and routines. AI-

enabled capabilities can support the generation, integration, and utilization of sustainability 

information, enabling firms to better identify environmental risks, coordinate sustainability 

initiatives, and improve decision quality across organizational functions (Barney, 1991; Teece, 

2007; Naji et al., 2024). In this sense, AI represents not merely a technological asset but an 

organizational capability that supports the effective deployment of resources toward 

environmental and sustainability objectives (Wernerfelt, 1984; Barney, 1991). Recent research 

further demonstrates that AI contributes to sustainability-oriented capability development by 

strengthening green intellectual capital, organizational knowledge, sustainability culture, and 

carbon accounting innovation, thereby reinforcing the strategic resource perspective of the RBV 

(Bin-Nashwan & Li, 2025a; Bin-Nashwan & Li, 2025b; Bin-Nashwan et al., 2026a). Therefore, 

RBV provides a useful foundation for understanding why firms increasingly view AI as a strategic 

enabler of sustainability-oriented value creation and long-term organizational competitiveness 

(Vial, 2019; Man et al., 2024). 



 6 

The Stakeholder Theory perspective emphasizes the importance of recognizing and responding to 

the expectations of diverse stakeholder groups, including investors, regulators, customers, 

employees, and civil society (Freeman, 1984; Donaldson & Preston, 1995; Mitchell et al., 1997). 

As sustainability reporting and ESG accountability become increasingly important, organizations 

are expected not only to pursue sustainable practices but also to communicate these efforts through 

credible and transparent disclosures (Global Reporting Initiative, 2020; OECD, 2020; Hansen, 

2024). Stakeholder Theory therefore provides an important lens for understanding how firms 

communicate sustainability initiatives, maintain legitimacy, and build trust among key stakeholder 

groups. Recent research further emphasizes the importance of sustainability assurance and 

environmental accountability in enhancing the credibility of corporate sustainability disclosures 

(Khatib, 2024a; Lemma et al., 2024; Alkhataybeh et al., 2026). Emerging evidence also highlights 

the growing importance of environmental governance, board characteristics, and strategic 

organizational resources in shaping ESG performance, carbon disclosure, and sustainability 

accountability, further reinforcing the relevance of Stakeholder Theory for understanding 

organizational responses to stakeholder expectations (Bin-Nashwan et al., 2026b; Khlifi & Bin-

Nashwan, 2026). As ESG reporting becomes increasingly influential in investment and regulatory 

decision-making, stakeholders are placing greater emphasis not only on the disclosure of 

sustainability information but also on the reliability, verifiability, and accountability of reported 

sustainability outcomes. This is particularly relevant in the context of AI-enabled sustainability 

initiatives, where claims regarding environmental performance and ESG improvements may 

require additional scrutiny and assurance mechanisms to strengthen stakeholder trust (Khatib, 

2024a; Khatib, 2024b). 

Recent empirical research demonstrates the growing intersection between digital transformation, 

AI, and corporate sustainability (Tian et al., 2025; Islam et al., 2026; Wang & He, 2026). Tian et 

al. (2025) show that AI adoption is associated with ESG performance through mechanisms 

including financing constraints, information transparency, and corporate innovation. Similarly, 

Islam et al. (2026) link digital transformation to ESG performance through improvements in 

organizational efficiency, green innovation, governance, and financing, while Wang and He (2026) 

demonstrate that digitalization is associated with firms' green transformation through both internal 

capabilities and external stakeholder attention. These findings are consistent with recent studies 

showing that AI supports sustainability-oriented organizational capabilities through green 

intellectual capital, sustainability culture, carbon accounting innovation, and environmental 

governance (Bin-Nashwan & Li, 2025a; Bin-Nashwan & Li, 2025b; Bin-Nashwan et al., 2026a; 

Bin-Nashwan et al., 2026b). Collectively, these studies highlight the growing importance of 

organizational capabilities, governance, financing, and stakeholder processes in AI-enabled 

sustainability. However, they primarily examine broad samples of listed firms using quantitative 

approaches, leaving limited understanding of how construction firms disclose, frame, and 

communicate AI-enabled sustainability practices, particularly in relation to sustainable finance, 

stakeholder communication, and environmental governance. 
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While both perspectives have been widely applied in sustainability and management research, 

limited attention has been given to how they jointly explain the role of AI in supporting 

environmental management and sustainable finance objectives. Accordingly, this study employs 

these theories as complementary foundations for examining how construction firms leverage AI 

technologies within sustainability-oriented contexts. The integration of these perspectives is 

developed in the following section. 

2.2 Integrating RBV and Stakeholder Theory 

While the RBV and Stakeholder Theory offer distinct explanations of organizational behaviour, 

their integration provides a richer understanding of how AI contributes to sustainability-oriented 

value creation (Barney, 1991; Freeman, 1984; Teece, 2007). Neither perspective alone fully 

captures the interaction between the internal development of AI-enabled sustainability capabilities 

and the external stakeholder, legitimacy, and sustainable finance processes through which their 

organisational value may be reinforced. From an RBV perspective, AI may support firms in 

developing sustainability-oriented capabilities, including environmental monitoring, predictive 

analytics, ESG data management, resource optimization, and sustainability reporting, thereby 

supporting environmental performance and sustainability-related decision-making (Barney, 1991; 

Wernerfelt, 1984; Teece, 2007; Aliero et al., 2022; Timilsena et al., 2024; Naji et al., 2024). These 

internally oriented capabilities also provide the foundation for how firms communicate their 

sustainability performance and AI-enabled initiatives to external stakeholders. From a Stakeholder 

Theory perspective, the communication of these capabilities through sustainability disclosures and 

stakeholder engagement provides a mechanism through which firms may demonstrate 

environmental responsibility and governance practices that may strengthen organisational 

legitimacy, stakeholder confidence, and opportunities associated with sustainable finance 

(Freeman, 1984; Donaldson & Preston, 1995; Mitchell et al., 1997; Hahn & Kühnen, 2013; Hahn 

& Lülfs, 2014; Hansen, 2024). However, prior research cautions that AI-enabled sustainability 

narratives may also serve legitimacy-building purposes without necessarily reflecting 

corresponding sustainability outcomes (Cho et al., 2015; Hahn & Lülfs, 2014; Hassanein & 

Elmaghrabi, 2025; Sneideriene & Legenzova, 2025; Khatib, 2024b). Accordingly, sustainability 

assurance, disclosure credibility, and environmental accountability remain essential for evaluating 

AI-enabled sustainability claims. 

The integration of RBV and Stakeholder Theory therefore suggests a connected process in which 

internally developed AI-enabled capabilities are translated into externally oriented sustainability 

communication and legitimacy-building activities. AI supports the development of organizational 

capabilities for environmental management and governance, while the communication of these 

capabilities may contribute to stakeholder confidence, organisational legitimacy, and sustainable 

finance opportunities. In turn, stakeholder expectations, organisational legitimacy, and sustainable 

finance opportunities may encourage the continued development and deployment of AI-enabled 

sustainability capabilities. Sustainable competitive advantage may therefore depend on integrating 



 8 

AI-enabled capabilities with organizational routines, governance, and stakeholder relationships 

rather than on AI adoption alone. 

As illustrated in Figure 1, the framework distinguishes between AI-enabled sustainability 

capabilities, such as predictive analytics, intelligent environmental monitoring, ESG data 

management, and AI-supported reporting, and broader sustainability-oriented organisational 

capabilities, including environmental management, governance, resource optimisation, decision-

making, and risk management. AI-enabled capabilities may support the development of these 

broader capabilities and associated environmental and governance outcomes. These outcomes may 

then be communicated to stakeholders, linking internal capability development with organisational 

legitimacy and sustainable finance opportunities. In turn, stakeholder expectations, legitimacy, and 

sustainable finance opportunities may influence the continued development of AI-enabled 

capabilities. Figure 1 therefore illustrates the proposed interactive relationship between internal 

capability development and external stakeholder influences rather than a one-directional causal 

process. The relationships are theoretically informed and provide an interpretive framework for 

the qualitative findings rather than empirically validated causal pathways. Based on this 

framework, the study advances the following theoretical propositions: 

P1: AI-enabled sustainability capabilities are positively associated with sustainability-oriented 

organisational capabilities. 

P2: Sustainability-oriented organisational capabilities are positively associated with 

environmental performance and governance outcomes. 

P3: Environmental performance and governance outcomes are positively associated with 

sustainability communication and stakeholder engagement practices. 

P4: Sustainability communication and stakeholder engagement are positively associated with 

stakeholder confidence and organisational legitimacy. 

P5: Stakeholder confidence and organisational legitimacy are positively associated with 

sustainable finance opportunities. 

P6: Stakeholder confidence, organisational legitimacy, and sustainable finance opportunities are 

positively associated with the continued development and refinement of AI-enabled sustainability 

capabilities. 
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Figure 1. Integrating Resource-Based View and Stakeholder Theory: A Conceptual Framework 

of AI-Enabled Sustainability and Sustainable Finance 

 

 

The framework proposes that AI-enabled sustainability capabilities support broader sustainability-

oriented organisational capabilities and environmental and governance outcomes, which may 

strengthen stakeholder communication, organisational legitimacy, and sustainable finance 

opportunities. It also proposes a feedback relationship, whereby stakeholder confidence, 

legitimacy, and sustainable finance opportunities may reinforce further development of AI-enabled 

capabilities. Figure 1 presents these theoretically proposed relationships, which require future 

empirical validation. 

 

3. Research Methodology 

This study adopts a qualitative content analysis approach to examine how major construction firms 

listed on the LSE report and position AI in relation to sustainable finance and environmental 

management. Given the objective of exploring how firms represent and communicate AI-enabled 
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sustainability initiatives through publicly available disclosures, qualitative content analysis 

provides an appropriate approach for examining organizational narratives, reporting practices, and 

stakeholder-oriented communication (Krippendorff, 2018; Elo & Kyngäs, 2008). It is particularly 

valuable in sustainability research because ESG reports and corporate disclosures reveal 

organizational values, strategic priorities, and stakeholder engagement practices (Braun & Clarke, 

2006; Braun & Clarke, 2021; Milne & Adler, 1999). By identifying recurring patterns and themes, 

content analysis facilitates a nuanced understanding of how firms communicate technological 

innovation, financial sustainability, and environmental responsibility in response to regulatory and 

market expectations (Mayring, 2014; Hahn & Kühnen, 2013; Adams et al., 2022). Unlike methods 

designed to test causal relationships, qualitative content analysis is well suited to exploring how 

AI-enabled sustainability practices are framed and communicated within corporate disclosures, 

consistent with the exploratory objectives of this study. 

 

For the purposes of this study, AI was operationally defined as computational technologies 

exhibiting intelligent or adaptive analytical capabilities beyond conventional digitalization or rule-

based automation. The analytical scope included technologies explicitly identified as AI or 

demonstrating AI-related functionalities, including machine learning, predictive analytics, 

intelligent monitoring, algorithmic optimization, pattern recognition, and intelligent decision-

support systems. Technologies were included only where disclosures explicitly identified them as 

AI-enabled or provided sufficient evidence of these functionalities. Conventional digital 

technologies, including standard Building Information Modelling (BIM) without AI functionality, 

basic sensor-based monitoring, automated reporting, rule-based workflow automation, and general 

references to digitalization or analytics, were excluded from the core AI coding scope. Where 

BIM, monitoring platforms, or ESG reporting systems incorporated AI-related functionalities, 

only the AI-enabled component was coded. Ambiguous references were excluded unless the 

surrounding disclosure demonstrated that they met the operational definition of AI. These criteria 

were applied consistently during company screening and coding to maintain a coherent analytical 

scope and minimize conceptual overgeneralization. 

 

3.1 Data Collection 

This study collected data exclusively from publicly available corporate disclosures, including 

sustainability reports, ESG sections of integrated annual reports, and stakeholder communications, 

to ensure transparency, replicability, and ethical rigor. The use of public documents is well 

established in corporate sustainability research because it promotes methodological consistency, 

enables independent verification, and avoids ethical concerns associated with confidential or 

proprietary information (Krippendorff, 2018; Ridder, 2014; Hahn & Kühnen, 2013; Adams et al., 

2022). Public disclosures also provide valuable insights into how firms frame and communicate 

sustainability initiatives to investors, regulators, and other stakeholders (Hansen, 2024; Hahn & 

Lülfs, 2014; Adams et al., 2022; Laine, 2010). 
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Consistent with prior disclosure-based research, these documents were analyzed as representations 

of organizational sustainability narratives rather than independently verified measures of 

organizational performance (Hahn & Kühnen, 2013; Cho et al., 2015). Accordingly, the findings 

should be interpreted as evidence of how firms disclose and position AI-enabled sustainability 

initiatives rather than direct verification of their implementation or effectiveness. 

It is also acknowledged that firms voluntarily disclosing AI-enabled sustainability initiatives may 

differ systematically from non-disclosing firms in terms of digital maturity, sustainability 

capabilities, governance quality, or stakeholder scrutiny. Consequently, the findings should be 

interpreted within the context of voluntary disclosure practices rather than as representative of all 

firms within the construction sector (Khatib, 2025). 

The sampling frame comprised LSE-listed firms operating within the construction sector and 

closely related construction-support activities during the study period. The frame encompassed 

firms engaged in residential and commercial development, infrastructure construction, engineering 

and construction services, building materials, and related activities within the wider construction 

industry. Firms within this population were systematically screened against predefined eligibility 

criteria to identify information-rich cases relevant to the research objectives. A purposive sampling 

strategy was employed based on three criteria: (1) market significance, assessed through LSE 

listing status and market capitalization; (2) availability and quality of ESG and sustainability 

disclosures; and (3) the presence of explicit references to AI technologies or sufficient evidence of 

AI-related functionalities. The purpose of the sampling strategy was not statistical 

representativeness, but the selection of information-rich cases that combined direct relevance to 

the research question with sufficient organizational variation to support qualitative cross-case 

analysis. 

Company selection followed a multi-stage screening procedure. First, LSE-listed construction and 

construction-related firms were screened to retain companies actively listed during the study 

period and operating within the defined sectoral boundaries. Second, the remaining firms were 

screened for publicly accessible sustainability reports, ESG disclosures, integrated annual reports, 

or equivalent sustainability-related corporate documentation covering the 2021–2024 period. 

Firms without sufficiently accessible sustainability-related documentation were excluded. Third, 

the available disclosures were screened for evidence of AI-enabled sustainability practices using 

the operational definition and inclusion and exclusion criteria established above. Firms were 

retained where the documents explicitly identified AI applications or provided sufficient evidence 

of technologies exhibiting the defined AI-related functionalities. General references to 

digitalization, conventional automation, or digital systems without identifiable AI functionality 

were not sufficient for inclusion. Firms for which no qualifying AI-related evidence was identified 

were excluded from the analytical sample. Application of these sectoral, disclosure-availability, 

and AI-relevance criteria resulted in a final sample of 23 LSE-listed construction and construction-



 12 

related firms. This process ensured that the final cases contained sufficient evidence to address the 

study’s research objectives while maintaining a common sectoral and institutional context. 

Sample adequacy was considered in relation to both information richness and organizational 

heterogeneity. The final 23 firms varied across market-capitalization categories, construction-

related subsectors, reporting formats, and reporting years. This variation was intentionally retained 

to enable cross-case analysis of both recurring patterns and differences in how AI-enabled 

sustainability practices were reported across heterogeneous organizational contexts. The sample 

included large-cap, mid-cap, and small-cap firms, allowing the analysis to examine whether 

reported AI-related practices and their strategic positioning differed according to organizational 

scale without assuming that firm size alone accounted for such differences. 

Table I presents the profile of the 23 companies, categorized by sector focus, company size, 

reporting format, and the year of ESG reporting analyzed. Variation across these dimensions was 

intentionally retained as part of the purposive sampling logic rather than treated as a source of 

sample homogeneity. The inclusion of firms operating in residential development, infrastructure, 

engineering services, building materials, and construction-support activities enabled the analysis 

to capture variation in how AI-enabled sustainability initiatives were reported across different 

operational contexts within the sector. Similarly, the inclusion of large-cap, mid-cap, and small-

cap firms facilitated cross-case comparisons regarding the scale, sophistication, and strategic 

positioning of reported AI-related sustainability practices. The reporting period (2021–2024) was 

selected because it reflects a phase of accelerated growth in ESG reporting requirements, 

sustainable finance initiatives, and corporate AI adoption, thereby providing a contemporary 

context for examining the relationship between AI, sustainability, and financial accountability. 

Table I. Profile of companies 

Attribute Category Number of 

Companies 

Percentage 

(%) 

Industry Sector Residential Construction 10 43%  
Infrastructure and Civil Engineering 5 22%  

Building Materials and Products 8 35% 

Company Size (Market Cap) Large Cap (>£5 billion) 9 39%  
Mid Cap (£1–5 billion) 10 43%  
Small Cap (<£1 billion) 4 18% 

Sustainability Reporting 

Format 

Separate Sustainability/ESG Report 14 61% 

 
Integrated Annual Report with ESG Section 9 39% 

Year of Reporting Analyzed 2021 5 22%  
2022 8 35%  
2023 7 30%  

2024 (most recent) 3 13% 

Note: The sample comprises construction firms with diverse characteristics. Residential construction companies represent the 

largest share (43%), followed by building materials and products (35%) and infrastructure and civil engineering firms (22%). In 
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terms of market capitalisation, most firms are mid-cap (43%) or large-cap (39%), with a smaller proportion of small-cap 

companies (18%). The majority of firms (61%) publish separate sustainability or ESG reports, while 39% include ESG 

disclosures within integrated annual reports. The analysis covers reporting years from 2021 to 2024, with the highest 

representation in 2022 (35%) and 2023 (30%), ensuring a recent and balanced dataset. 

 

All documents were retrieved directly from company investor-relations portals, corporate 

websites, or the London Stock Exchange’s official disclosure platforms, ensuring that all analysed 

documents originated from authoritative corporate and regulatory disclosure sources. 

 

3.2 Data Analysis 

The content analysis followed an iterative, multi-stage coding process informed by established 

qualitative methodologies (Braun & Clarke, 2006; Braun & Clarke, 2021; Elo & Kyngäs, 2008; 

Ridder, 2014). All documents were first reviewed to achieve familiarity with the data and identify 

AI initiatives, sustainable finance activities, and environmental practices. Open coding was then 

applied to identify relevant disclosure patterns, followed by axial coding to refine these into higher-

order themes and develop the conceptual framework. Themes were retained based on the 

recurrence, consistency, and contextual significance of coded segments within the sustainability 

and ESG disclosures. Where disclosures contained quantified AI-related sustainability outcomes, 

these were coded within their reported organizational context but were not treated as independently 

verified or standardized performance measures. Because firms did not consistently report 

comparable baselines, measurement periods, calculation methods, or attribution procedures, 

quantified outcomes were not used for direct cross-firm comparisons but were interpreted as 

contextual evidence of how firms communicated the reported outcomes of AI-enabled 

sustainability initiatives. 

The coding process involved three researchers. Following initial familiarization with the disclosure 

data, the researchers undertook a calibration process to establish a shared understanding of the 

coding approach, code definitions, category boundaries, and their application to the corporate 

disclosures. An initial subset representing approximately 20% of the coded disclosure segments 

was independently coded by all three researchers to assess intercoder consistency and refine the 

coding framework. Intercoder reliability was assessed using Fleiss’ kappa (κ), which is appropriate 

for evaluating agreement among multiple coders assigning categorical codes. The analysis 

produced an overall Fleiss’ kappa of κ = 0.82, indicating a high level of agreement among the three 

researchers. Where disagreements arose regarding code assignment, category boundaries, or 

thematic interpretation, the researchers returned to the relevant disclosure segments and coding 

definitions and resolved differences through discussion and consensus. Where necessary, code 

definitions and decision rules were refined and the affected material was reviewed again to ensure 

consistent application. The calibration process informed the development of a coding manual 

specifying the scope, definitions, inclusion and exclusion criteria, and interpretation of individual 
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codes and higher-order categories. The coding manual was subsequently applied across the dataset 

to promote consistency and dependability in the analytical process. 

The coding framework was developed and refined iteratively through constant comparison across 

documents. Initial codes were systematically recorded and grouped into higher-order categories, 

with emerging categories continuously compared against the underlying disclosure evidence. 

Several procedures were used to enhance the trustworthiness of the analysis, including researcher 

triangulation through three-coder involvement, independent coding of the calibration subset, 

intercoder reliability assessment, consensus-based resolution of disagreements, systematic use of 

the coding manual, constant comparison across cases, and maintenance of an audit trail 

documenting coding decisions, category refinement, and theme development. These procedures 

strengthened the credibility, dependability, and transparency of the thematic analysis while 

reducing reliance on the interpretation of a single researcher. 

The coding protocol progressed through five interrelated stages: (1) document familiarization; (2) 

open coding of relevant disclosure segments; (3) comparison and consolidation of initial codes; 

(4) axial coding and development of higher-order categories; and (5) cross-case comparison and 

refinement of the final themes (Elo et al., 2014; Braun & Clarke, 2021). Following theme 

development, coded evidence was compared across the 23 firms to assess both theme prevalence 

and variation. Each firm was counted once within a theme where qualifying evidence was 

identified, regardless of the number of relevant applications reported, while subtheme frequencies 

were recorded separately and could overlap within individual firms. These frequencies were used 

to complement the qualitative interpretation rather than as quantitative measures of organizational 

performance. 

Consistent with established qualitative content analysis procedures, themes were retained only 

when they demonstrated conceptual coherence, recurrence across multiple firms, and clear 

relevance to the research objectives (Elo et al., 2014; Braun & Clarke, 2021; Vaismoradi et al., 

2013). Thematic saturation was assessed iteratively through constant comparison across the 23 

firms by examining whether additional cases generated new codes, refined existing categories, or 

introduced substantively different thematic relationships. During the later stages of analysis, few 

new codes emerged, and no substantively new higher-order themes were identified. The stability 

of the four thematic categories across firms differing in size, subsector, and reporting 

characteristics indicated that the principal patterns had been adequately captured. Accordingly, 

thematic saturation was considered to have been achieved, supporting the analytical adequacy of 

the 23-firm sample (Saunders et al., 2018; Hennink & Kaiser, 2022). 

Explicit judgment criteria were established to enhance coding transparency and replicability when 

assigning disclosure segments to the four higher-order themes.AI-Driven Environmental 

Innovation included AI applications related to energy optimization, emissions monitoring, 

resource efficiency, waste management, and sustainable design. AI Integration into Sustainable 
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Finance Mechanisms covered AI applications associated with ESG reporting, climate-risk 

assessment, sustainability-linked financing, green bond-related reporting, and sustainability 

performance monitoring. Strategic Positioning and Stakeholder Communication of AI captured 

disclosures framing AI in relation to innovation, sustainability leadership, transparency, 

stakeholder engagement, investor communication, and organizational legitimacy. AI-Supported 

Environmental Risk Monitoring and Compliance included AI applications related to 

environmental monitoring, predictive risk assessment, automated compliance, environmental 

reporting, and sustainability assurance. Disclosure segments could be assigned to more than one 

theme where they contained distinct evidence relevant to multiple categories; however, each 

assignment required explicit textual evidence meeting the predefined coding criteria rather than 

general references to digitalization, innovation, or sustainability. These criteria were incorporated 

into the coding manual and applied consistently throughout the cross-case analysis. 

The objective of this study was not statistical generalization but analytical generalization through 

the examination of information-rich cases. Consistent with qualitative content analysis research, 

sample adequacy was assessed based on information richness, relevance to the research objectives, 

cross-case variation, and thematic saturation rather than sample size alone (Patton, 2014; Saunders 

et al., 2003). The purposive sample of 23 firms provided sufficient variation in firm size, subsector 

focus, and sustainability reporting practices to support meaningful cross-case comparison, while 

the stabilization of the coding structure indicated that additional documents were yielding limited 

new insights. Table II presents the four final themes identified through the analysis, illustrating 

how construction firms communicate, position, and report AI-enabled sustainability practices in 

relation to environmental management, sustainable finance, stakeholder communication, and 

environmental governance. 

Table II. Major Themes Identified Through Content Analysis Linking AI Adoption to Sustainable 

Finance and Environmental Impact in the Construction Sector 

Theme Description Sustainability 

and Finance 

Relevance 

Representative 

Disclosure 

Excerpt 

Theoretical 

Connections 

AI-Driven 

Environmental 

Innovation 

Reported 

deployment of AI 

technologies for 

energy 

optimization, 

emissions 

monitoring, 

resource 

management, 

waste reduction, 

and sustainable 

Firms 

associated AI 

applications 

with operational 

efficiency, 

resource 

optimization, 

environmental 

management, 

net-zero 

objectives, and 

broader 

Company 7: 

“Our AI-driven 

energy 

management 

platform 

optimizes 

energy 

consumption 

across 

construction 

sites, supporting 

our carbon 

Resource-Based 

View: AI is 

positioned as 

supporting the 

development of 

environmental 

and 

sustainability-

oriented 

organizational 

capabilities. 
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project planning 

and delivery. 

sustainability 

commitments. 

reduction 

targets.” 

AI Integration 

into Sustainable 

Finance 

Mechanisms 

Reported use of 

AI in ESG data 

management, 

climate-risk 

assessment, 

sustainability-

linked financing 

processes, green 

bond-related 

reporting and 

compliance, and 

sustainability 

performance 

monitoring. 

Firms 

positioned AI as 

supporting ESG 

information 

processes, 

climate-risk 

assessment, 

sustainability 

reporting, and 

compliance 

processes 

associated with 

sustainable 

finance 

mechanisms. 

Company 4: 

“Our AI-

enabled ESG 

data platform 

provides real-

time tracking of 

carbon 

reduction 

metrics linked to 

our 

sustainability-

linked loan 

agreements.” 

Resource-Based 

View: AI-enabled 

information and 

analytical 

capabilities. 

Stakeholder 

Theory: 

responsiveness to 

investor, lender, 

and other 

financial 

stakeholder 

information 

requirements. 

Strategic 

Positioning and 

Stakeholder 

Communication 

of AI 

Strategic framing 

and 

communication 

of AI in relation 

to innovation, 

sustainability 

leadership, 

competitive 

differentiation, 

transparency, and 

stakeholder 

engagement. 

Firms used AI-

related 

sustainability 

narratives to 

communicate 

environmental 

responsibility, 

innovation, 

transparency, 

and strategic 

positioning to 

investors, 

regulators, 

customers, and 

other 

stakeholders. 

Company 15: 

“Through real-

time AI-enabled 

dashboards, we 

provide 

stakeholders 

with up-to-date 

information on 

energy usage, 

carbon 

emissions, and 

project 

sustainability 

metrics.” 

Resource-Based 

View: strategic 

positioning of AI-

enabled 

capabilities. 

Stakeholder 

Theory: 

stakeholder 

communication, 

legitimacy-

building, and 

responsiveness to 

external 

expectations. 

AI-Supported 

Environmental 

Risk Monitoring 

and Compliance 

Reported use of 

AI for real-time 

environmental 

monitoring, 

predictive risk 

assessment, 

compliance 

management, 

emissions 

tracking, and 

sustainability 

assurance. 

Firms 

associated AI 

with 

environmental 

risk 

identification, 

monitoring, 

regulatory 

compliance, and 

more proactive 

approaches to 

environmental 

governance. 

Company 14: 

“Our AI-driven 

environmental 

monitoring 

system triggers 

automatic alerts 

to project 

managers when 

thresholds for 

carbon 

emissions or 

water usage are 

approached.” 

Resource-Based 

View: AI-enabled 

monitoring and 

risk-management 

capabilities. 

Stakeholder 

Theory: 

accountability 

and 

responsiveness to 

regulatory and 

stakeholder 

expectations. 
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4. Findings Analysis 

Theme 1: AI-Driven Environmental Innovation 

AI-Driven Environmental Innovation emerged as a prominent theme, identified in 19 of 23 firms 

(82.6%). Firms positioned AI in relation to environmental monitoring and emissions management 

(65.2%), energy and resource optimization (60.9%), waste minimization (47.8%), and sustainable 

design and planning (43.5%). These applications were associated with operational efficiency, 

carbon reduction, and the integration of environmental considerations into project planning and 

delivery. Overall, firms positioned AI beyond operational optimization as a potentially important 

enabler of environmental sustainability, although the scale and sophistication of reported 

implementation varied across the sample. For example, Company 7 stated in its 2023 Sustainability 

Report: 

"Our AI-driven predictive analytics platform enables real-time monitoring and adjustment of 

energy usage across construction sites, reducing carbon emissions by an estimated 15% annually." 

*The reported 15% reduction represents a company-provided estimate rather than an 

independently verified measure of AI-related environmental performance. 

Although the disclosure reports a measurable environmental outcome, the reported reduction is 

based on company-provided information. As such, the statement is interpreted as evidence of how 

the firm communicates the environmental value of AI rather than as conclusive evidence of actual 

performance improvement. This disclosure illustrates how the firm positions AI-enabled energy 

and resource optimization as contributing to environmental targets and broader corporate 

sustainability objectives. AI-supported sustainable design and planning constituted another 

recurring application, identified in 10 firms (43.5%). Company 13, for example, emphasized its 

application of AI-enhanced BIM tools: 

"We leverage AI-integrated BIM systems to model environmental impacts during design stages, 

ensuring the selection of low-carbon materials and energy-efficient building designs." 

This disclosure illustrates how the firm positions AI-enhanced BIM within sustainability planning 

rather than providing independent evidence of its environmental effectiveness. More broadly, these 

disclosures indicate that firms associate AI with predictive and data-driven approaches to 

sustainability planning rather than solely with reactive environmental management. 

Cross-case analysis showed variation by company size. The theme was identified in 8 of the 9 

large-cap firms (88.9%), 8 of the 10 mid-cap firms (80.0%), and 3 of the 4 small-cap firms (75.0%). 

Although prevalence was relatively high across all three size categories, the nature and scope of 
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reported applications varied. Large-cap firms more frequently described integrated or enterprise-

level applications, including dynamic emissions tracking, real-time environmental monitoring, and 

automated compliance reporting, whereas mid- and small-cap firms more commonly reported 

targeted applications involving material optimization, waste reduction, and energy forecasting. For 

instance, Company 2, a large-cap residential developer, disclosed: 

"Our AI systems autonomously monitor site emissions in real-time, providing automatic alerts to 

site managers and enabling immediate corrective actions." 

In contrast, mid- and small-cap firms typically reported AI use in more focused areas, including 

smart material selection or energy forecasting, rather than fully integrated site management 

systems. Company 19, a mid-cap materials supplier, noted: 

"Our AI applications help optimize raw material use, reducing construction waste by 

approximately 12% year-on-year." Similarly, the reported 12% reduction represents a company-

provided outcome and was not independently validated in this study. 

As with the 15% emissions-reduction figure reported by Company 7, this percentage represents a 

company-reported outcome rather than an independently validated measure of AI-related 

environmental performance. More broadly, quantified outcomes reported across the disclosures 

were not treated as directly comparable performance measures, as firms did not consistently 

provide standardized baselines, measurement periods, calculation methods, or procedures for 

attributing the reported changes specifically to AI. These figures were therefore used as contextual 

evidence of how firms communicate AI-related sustainability outcomes rather than as a basis for 

cross-firm performance comparison. 

While these differences may suggest that firm size is associated with variation in the reported scale 

While larger firms reported broader and more sophisticated AI applications, these differences may 

reflect organisational resources, digital maturity, operational complexity, regulatory exposure, and 

stakeholder expectations rather than firm size alone. Larger firms may have greater capacity and 

stronger requirements for integrated AI applications, while mid- and small-cap firms may adopt 

more targeted or incremental approaches. Greater investor scrutiny and ESG reporting 

expectations may also encourage more extensive disclosure among larger firms. Accordingly, the 

observed differences should be interpreted as reflecting varying organisational, operational, 

regulatory, and disclosure contexts rather than evidence that organisational scale itself produces 

more advanced AI capabilities. 

The analysis identified convergence across firm sizes, with AI-related environmental innovation 

reported by 88.9% of large-cap, 80.0% of mid-cap, and 75.0% of small-cap firms. Across these 

categories, firms positioned AI in relation to environmental performance, resource efficiency, 

sustainability decision-making, and proactive environmental management. This convergence 
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suggests that environmental pressures and sustainability objectives provide a common rationale 

for AI-related initiatives despite differences in implementation maturity and scale. However, these 

patterns demonstrate the strategic significance firms attribute to AI in their disclosures rather than 

confirming AI as an established organisational capability in practice. 

Several disclosures employed aspirational language when describing AI-enabled environmental 

initiatives, frequently positioning AI in relation to emissions reduction, resource efficiency, and 

sustainability performance. However, because the analysis is based on corporate disclosures, these 

reported benefits cannot be independently verified and should therefore be interpreted as 

organizational sustainability narratives that may serve both informational and legitimacy-building 

purposes. Cross-case analysis further highlighted considerable variation in the reported maturity, 

scope, and integration of AI-enabled environmental applications, ranging from integrated 

predictive monitoring systems to targeted pilot initiatives and future implementation 

commitments. These patterns suggest that variation in reported AI-enabled environmental 

innovation may reflect differences in organisational capability, investment capacity, digital 

maturity, operational requirements, regulatory exposure, and external reporting pressures. They 

therefore indicate heterogeneous patterns of reported AI adoption rather than comparable levels of 

AI implementation or environmental performance. 

Theme 2: AI Integration into Sustainable Finance Mechanisms 

AI Integration into Sustainable Finance Mechanisms was identified in 17 of 23 firms (73.9%), 

indicating a recurrent association between AI and sustainable finance. Firms positioned AI in 

relation to ESG reporting and data management (60.9%), climate-risk assessment and scenario 

modelling (47.8%), sustainability-linked financing and performance monitoring (39.1%), and 

green bond reporting or compliance (30.4%). Overall, the findings indicate that firms primarily 

frame AI as supporting the information, monitoring, risk assessment, and reporting processes 

associated with sustainable finance rather than as directly generating financing outcomes. AI-

driven analytics and risk-modelling tools were particularly positioned as supporting responses to 

the reporting requirements of ESG-focused investors and financial institutions. For instance, 

Company 4 disclosed in its 2022 Integrated Annual Report: 

"Our AI-enabled ESG data platform provides real-time tracking of carbon reduction metrics 

linked to our sustainability-linked loan agreements." 

Such disclosures illustrate how firms position AI-enabled sustainability reporting and monitoring 

as supporting the measurement and disclosure processes associated with sustainability-linked 

financing arrangements. The evidence therefore indicates a process-supporting role for AI rather 

than demonstrating that AI was instrumental in securing financing. Green bond-related reporting 

and compliance represented a more specific application, identified in 7 firms (30.4%). Company 

10, for example, stated: 
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"We employ machine learning algorithms to model long-term environmental impacts of our 

construction projects, ensuring compliance with green bond certification standards and 

supporting firms' efforts to demonstrate credibility to investors." 

This disclosure illustrates how AI is positioned within the assessment, reporting, and compliance 

processes surrounding green bond financing, but does not establish that its use determined green 

bond eligibility, issuance, or subsequent financing benefits. Cross-case analysis also indicated 

variation by company size. The theme was identified in 8 of the 9 large-cap firms (88.9%), 7 of 

the 10 mid-cap firms (70.0%), and 2 of the 4 small-cap firms (50.0%). Although AI–sustainable 

finance linkages were reported across all three categories, the nature and scope of reported 

applications varied. Large-cap firms more frequently described climate-risk modelling, scenario 

analysis, sustainability-linked financing, and investor-oriented ESG analytics, whereas mid- and 

small-cap firms more commonly emphasized ESG data management, reporting automation, and 

compliance support. For example, Company 1, a large-cap infrastructure specialist, noted: 

"Our AI-based climate scenario modeling underpins our financial resilience planning, informing 

both our investment strategies and external sustainability reporting." 

Meanwhile, Company 17, a mid-cap building materials provider, reported: 

"By automating ESG data collection through AI applications, we have reduced reporting costs 

and improved data accuracy, strengthening our positioning with responsible investors." 

These differences suggest that variation in AI–sustainable finance strategies may reflect 

differences in firms’ financing exposure, ESG reporting maturity, organisational resources, 

regulatory requirements, and stakeholder pressures rather than firm size alone. Larger and 

internationally active firms may face more complex climate-risk assessment requirements and 

greater scrutiny from institutional investors, lenders, and sustainability-rating agencies, creating 

stronger incentives for integrated ESG analytics and scenario-modelling capabilities. Their greater 

exposure to sustainability-linked financing and capital-market reporting may also increase the 

value attributed to AI-supported monitoring and verification. By contrast, the emphasis among 

some mid- and small-cap firms on reporting automation, data management, and compliance 

support may reflect more targeted information requirements, resource constraints, or an 

incremental approach to developing AI-enabled financial and reporting capabilities. Differences 

in disclosure intensity may also reflect variation in reporting maturity and external scrutiny rather 

than differences in underlying technological capability. 

Despite this variation, the presence of the theme among large-cap (88.9%), mid-cap (70.0%), and 

small-cap firms (50.0%) indicates that the reported connection between AI and sustainable finance 

was not exclusive to a particular company-size category. Across the sample, firms positioned AI 

in relation to the accuracy, transparency, and credibility of sustainability-related financial 
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information and the informational and governance infrastructure surrounding sustainable finance 

practices. This convergence suggests that increasing demands for credible ESG information may 

provide a common rationale for AI adoption across firm categories, while differences in financing 

structures, stakeholder exposure, and organisational capabilities shape the specific applications 

firms prioritize and communicate. 

The analysis revealed substantial variation in reported implementation maturity, ranging from 

integrated climate scenario modelling, real-time ESG analytics, and sustainability-linked financing 

applications to targeted reporting, compliance, and pilot initiatives. This variation may reflect 

differences in digital maturity, financial-market exposure, ESG governance capacity, resources, 

and reporting obligations, rather than comparable levels of AI implementation. 

Firms also positioned AI as supporting ESG credibility, investor confidence, and sustainable 

finance, although the disclosures do not establish actual financing benefits. The prominence of 

these narratives may reflect both the functional use of AI and firms’ incentives to demonstrate 

alignment with increasingly data-intensive ESG expectations. AI-related sustainable finance 

claims should therefore be interpreted as both informational and potentially legitimacy-building 

narratives. 

The findings suggest an interaction between internal AI-enabled capabilities and external 

stakeholder pressures. Consistent with RBV, AI and ESG capabilities may support the generation 

and management of sustainability information, while, consistent with Stakeholder Theory, investor 

expectations, regulatory requirements, and sustainable finance arrangements may influence which 

capabilities firms prioritize and how they communicate them. This relationship does not establish 

that AI itself produces stakeholder or financing outcomes. 

Theme 3: Strategic Positioning and Stakeholder Communication of AI 

Strategic Positioning and Stakeholder Communication of AI was the most prevalent theme, 

identified in 20 of 23 firms (87.0%). Firms positioned AI in relation to innovation and 

sustainability leadership (73.9%), transparency and ESG communication (69.6%), stakeholder 

engagement and confidence (60.9%), and competitive differentiation (56.5%). These patterns 

indicate that firms frame AI beyond its operational role, associating it with broader sustainability, 

reputation, stakeholder communication, and strategic positioning. Rather than presenting AI solely 

as a technical solution, firms frequently communicated AI investments as supporting 

environmental responsibility, value creation, long-term competitiveness, and sustainability 

leadership. For example, Company 9 asserted in its 2023 Sustainability Report: 

"Our proprietary AI-driven sustainability optimization engine allows us to deliver projects with 

lower carbon footprints, setting new benchmarks in the green construction sector." 
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Similarly, Company 12 emphasized the strategic importance of AI capability development: 

"Through continuous investment in AI-based environmental management systems, we aim to lead 

the industry in achieving net-zero construction while maintaining superior project delivery 

standards." 

The external communication dimension was also prominent, with transparency and ESG 

communication identified in 16 firms (69.6%) and stakeholder engagement and confidence in 14 

firms (60.9%). Company 5 reported: 

"Our integration of AI systems into environmental risk monitoring demonstrates our commitment 

to pioneering sustainable construction practices and supporting transparent ESG reporting." 

Likewise, Company 15 emphasized stakeholder engagement: 

"Through real-time AI-enabled dashboards, we provide stakeholders with up-to-date information 

on energy usage, carbon emissions, and project sustainability metrics." 

These disclosures illustrate how firms position AI-enabled sustainability initiatives as both 

technological capabilities and mechanisms for transparency, accountability, and stakeholder 

engagement. Cross-case analysis revealed differences in communication according to 

organizational context and reported implementation maturity. Larger and internationally active 

firms more frequently portrayed AI as an established strategic capability, while smaller and mid-

cap firms more often reported targeted applications, pilots, and future commitments. These 

differences may reflect varying stakeholder pressures and strategic communication objectives. 

Firms with greater international and capital-market exposure may face stronger expectations from 

investors, regulators, clients, and ESG-rating organizations, encouraging more assertive narratives 

around technological and sustainability leadership. In contrast, firms with more limited resources 

or earlier-stage implementation may rely more on targeted, pilot-based, or forward-looking 

narratives. The findings suggest that differences lie less in the presence of AI-related 

communication than in the reported maturity, scope, and strategic positioning of AI-enabled 

sustainability initiatives. Company 3, a large multinational builder, noted: 

"Our leadership in AI-driven sustainable construction technologies is a key factor in securing 

global green infrastructure contracts and investor support." 

Similarly, Company 6 stated: 

"Our AI-enhanced ESG reporting platform provides investors with assurance of our continuous 

environmental performance improvement, aligned with international standards such as TCFD and 

GRI." 
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By contrast, Company 20 reported: 

"We are piloting AI-enhanced energy efficiency modeling across select projects to explore scalable 

sustainability benefits." 

Company 23 similarly emphasized future commitments: 

"We are committed to scaling AI-driven energy management systems across all projects by 2025, 

improving our environmental footprint and reporting transparency." 

These patterns indicate variation in the reported maturity and strategic communication of AI. Firms 

appear to adapt their narratives to both their reported stage of AI development and external 

stakeholder expectations, with more assertive communication potentially reflecting stronger 

incentives to signal innovation and sustainability leadership. However, stronger AI narratives, 

particularly among larger firms, should not be interpreted as evidence of superior technological 

capability, as disclosure practices, investor scrutiny, regulatory exposure, and reporting maturity 

may also shape communication. Given the self-reported nature of the data, aspirational claims may 

reflect both technological developments and legitimacy-building efforts and should not be treated 

as evidence of deeper AI adoption or measurable sustainability outcomes. 

The cross-case evidence indicates that firms communicate the strategic significance of AI 

differently according to their reported implementation maturity and organizational context. Rather 

than representing a uniform communication strategy, the findings suggest that AI narratives 

perform different strategic functions across firms: communicating established capabilities in some 

cases, signalling emerging sustainability ambitions in others, and demonstrating responsiveness to 

stakeholder and legitimacy pressures across both. The quotations illustrate broader coded patterns 

rather than forming the basis for theme identification. Overall, AI is presented as both an 

organizational capability narrative and a stakeholder communication resource used to reinforce 

legitimacy and engage key stakeholders. These findings therefore demonstrate how firms position 

and communicate the strategic significance of AI, rather than establishing that AI independently 

functions as a strategic capability or produces the stakeholder outcomes attributed to it. 

Theme 4: AI-Supported Environmental Risk Monitoring and Compliance 

AI-Supported Environmental Risk Monitoring and Compliance emerged as a key theme, identified 

in 16 of 23 firms (69.6%). Firms positioned AI as supporting proactive environmental governance, 

regulatory compliance, and sustainability assurance. Applications included real-time 

environmental monitoring and emissions tracking (56.5%), predictive risk assessment (47.8%), 

automated compliance management and alerts (43.5%), and environmental reporting and 

assurance (39.1%). Although implementation varied across firms, the findings suggest that AI is 
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increasingly associated with a shift from reactive compliance toward more predictive, real-time, 

and data-driven environmental risk management. 

Real-time environmental monitoring and emissions tracking represented the most prevalent 

application within this theme, identified in 13 firms (56.5%), while automated compliance 

management and alerts were identified in 10 firms (43.5%). For example, Company 8 stated in its 

2022 Sustainability Report: 

"Our AI-enabled sensors and analytics platforms to monitor air quality, noise levels, and waste 

disposal practices in real time, ensuring continuous compliance with environmental regulations." 

Such disclosures illustrate how firms report integrating AI into site operations in relation to 

environmental risk management and regulatory compliance. Company 14 further illustrated this 

approach, reporting: 

"Our AI-driven environmental monitoring system triggers automatic alerts to project managers 

when thresholds for carbon emissions or water usage are approached, allowing immediate 

corrective action and ensuring compliance with local and international environmental laws." 

This disclosure illustrates how AI is positioned in relation to a more dynamic and preventive 

approach to environmental risk management, extending beyond retrospective reporting toward 

real-time monitoring and corrective action. Predictive environmental risk assessment was another 

recurring application, identified in 11 firms (47.8%), indicating that firms associated AI not only 

with monitoring existing environmental conditions but also with anticipating and managing 

potential environmental risks. 

Cross-case comparison indicated variation by company size, organizational context, and reported 

implementation maturity. The theme was identified in 8 of the 9 large-cap firms (88.9%), 6 of the 

10 mid-cap firms (60.0%), and 2 of the 4 small-cap firms (50.0%). Although AI-supported 

environmental monitoring and compliance was reported across all three size categories, its 

prevalence and reported scope were greater among large-cap firms. These firms more frequently 

described integrated systems combining continuous monitoring, predictive risk assessment, 

automated alerts, and regulatory reporting, whereas mid- and small-cap firms more commonly 

reported project-specific risk assessment, selective monitoring applications, and targeted 

environmental indicators. Internationally active firms also more frequently described compliance 

applications spanning multiple regulatory environments. Company 21, an infrastructure firm, 

emphasized: 

"Our AI-based regulatory compliance system cross-references site operations against over 200 

environmental regulations globally, reducing compliance risk and supporting stakeholder 

perceptions of accountability and responsiveness." 
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By contrast, Company 18 described a more targeted application: 

"We integrate AI-driven risk assessments during the project planning phase to minimize future 

environmental compliance costs." 

These differences may reflect variation in environmental risk, regulatory complexity, geographic 

reach, project portfolios, digital maturity, and organisational resources rather than firm size alone. 

Firms operating across multiple jurisdictions or complex infrastructure portfolios may face 

stronger incentives for integrated AI-enabled monitoring and compliance systems, whereas firms 

with narrower operations may prioritise targeted applications for specific environmental risks. 

Regulatory exposure, public visibility, and stakeholder scrutiny may also influence both AI 

implementation and its disclosure. Firms facing greater external scrutiny may have stronger 

incentives to develop and communicate sophisticated monitoring systems as evidence of 

accountability and governance capability. Therefore, greater reporting of integrated AI-supported 

compliance systems should not be interpreted as evidence that firm size determines AI capability 

or that firms reporting more sophisticated systems necessarily possess superior technological 

capabilities. 

Several firms portrayed AI-enabled monitoring as supporting environmental accountability and 

regulatory compliance, although these claims cannot be independently verified from disclosure 

data. Cross-case analysis revealed a continuum from integrated monitoring and predictive risk 

systems to targeted project-level applications, suggesting that firms configure and communicate 

AI-supported environmental governance in response to regulatory demands, operational 

complexity, organisational capabilities, and stakeholder expectations. The findings therefore 

demonstrate variation in how firms position AI within environmental risk monitoring, compliance, 

and sustainability assurance rather than establishing actual compliance or environmental 

performance. 

While the thematic analysis identified common patterns, cross-case comparison revealed variation 

in how firms reported and positioned AI-enabled sustainability initiatives across market-

capitalization categories and subsectors. Large-cap firms generally reported broader and more 

integrated applications, while mid- and small-cap firms more frequently described targeted 

applications, pilots, and incremental capability development. These differences appear to reflect 

an interaction of organisational resources, digital maturity, operational requirements, regulatory 

exposure, stakeholder pressures, and disclosure practices rather than firm size alone. They should 

therefore be interpreted as differences in reported practices rather than definitive differences in 

underlying technological capability. Table III summarizes these cross-case patterns. 
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Table III. Cross-Case Comparison of AI-Enabled Sustainability Practices 

 

Dimension Large-Cap Firms Mid-Cap Firms Small-Cap 

Firms 

Sectoral 

Observations 

AI 

Environmental 

Innovation 

More frequently 

reported 

enterprise-wide 

applications, 

including 

environmental 

monitoring, 

emissions 

tracking, 

integrated AI 

systems, and 

advanced 

environmental 

analytics. 

More frequently 

reported targeted 

applications, 

including waste 

reduction, 

resource 

optimization, 

energy 

forecasting, and 

project-level 

environmental 

management. 

Primarily 

reported 

focused or 

early-stage 

applications, 

including 

specific energy-

efficiency, 

resource-

management, 

and 

environmental 

monitoring 

initiatives, with 

more limited 

evidence of 

enterprise-wide 

integration. 

Infrastructure 

and residential 

developers 

reported broader 

AI applications 

than materials 

suppliers and 

specialized 

contractors. 

Sustainable 

Finance 

Integration 

More frequently 

reported climate-

risk modelling, 

green bond-

related reporting, 

sustainability-

linked financing 

processes, and 

investor-focused 

ESG analytics. 

More frequently 

reported ESG 

reporting 

automation, data 

management, 

sustainability 

monitoring, and 

compliance-

support 

applications. 

Reported 

applications 

were more 

limited and 

primarily 

focused on ESG 

data collection, 

reporting 

support, and 

compliance-

related 

activities rather 

than integrated 

sustainable 

finance 

applications. 

Firms with 

greater investor 

exposure tended 

to report broader 

integration of AI 

with ESG 

reporting and 

sustainable 

finance 

processes. 

Strategic 

Positioning and 

Stakeholder 

Communication 

of AI 

More frequently 

framed AI in 

relation to 

industry 

leadership, 

competitive 

differentiation, 

sustainability 

More frequently 

framed AI around 

capability 

development, 

targeted 

applications, pilot 

experimentation, 

and future 

More 

commonly 

framed AI 

through 

emerging 

capabilities, 

specific 

initiatives, and 

Internationally 

active and 

investor-facing 

firms tended to 

emphasize 

innovation 

leadership, 

transparency, 
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innovation, and 

investor-oriented 

communication. 

sustainability 

commitments. 

future-oriented 

commitments, 

with less 

emphasis on AI 

as an 

established 

strategic 

differentiator. 

and AI-enabled 

sustainability 

communication 

more 

extensively. 

Environmental 

Risk 

Monitoring and 

Compliance 

More frequently 

reported 

integrated 

compliance 

systems, real-

time 

environmental 

monitoring, 

predictive risk 

assessment, and 

automated 

regulatory 

reporting. 

More frequently 

reported project-

specific 

monitoring, 

environmental 

risk assessments, 

and targeted 

compliance-

support 

applications. 

Primarily 

reported 

selective or 

project-level 

monitoring and 

risk-

management 

applications, 

with limited 

evidence of 

integrated or 

automated 

compliance 

systems. 

Infrastructure 

firms reported 

more extensive 

AI-enabled 

compliance and 

monitoring 

applications, 

potentially 

reflecting greater 

regulatory 

complexity and 

environmental 

oversight 

requirements. 

The comparison presented in Table III indicates variation in reported AI-enabled sustainability 

practices across organizational contexts. Although large-cap firms generally reported broader and 

more integrated AI applications, firms across all categories positioned AI as supporting 

environmental management, sustainability reporting, and stakeholder engagement. These patterns 

should be interpreted as differences in reported practices rather than underlying technological 

capability or sustainability performance, highlighting the importance of considering organizational 

and disclosure contexts when interpreting AI-enabled sustainability practices. 

 

5. Discussion 

The findings indicate that firms increasingly position AI beyond operational efficiency, associating 

it with environmental management, sustainable finance, stakeholder communication, and 

environmental governance in response to technological, regulatory, stakeholder, and ESG 

pressures (OECD, 2020; Hansen, 2024; Sullivan & Mackenzie, 2017). However, these findings 

represent corporate disclosure practices rather than independently verified outcomes. Firms also 

frame AI as supporting a shift from reactive to predictive and proactive environmental 

management, consistent with research linking AI to energy efficiency, resource optimization, and 

environmental performance (Aliero et al., 2022; Timilsena et al., 2024; Sacks et al., 2020). The 

study extends this perspective by showing how firms position AI within broader ESG and net-zero 
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strategies, although disclosure data cannot establish whether these reported benefits translate into 

measurable sustainability outcomes. 

The findings also indicate that firms increasingly position AI as supporting ESG reporting, 

climate-risk assessment, and sustainability-related reporting processes. While prior research has 

emphasized sustainable finance and ESG disclosures (Matser et al., 2023; Sullivan & Mackenzie, 

2017; Bloomberg, 2017), the role of AI in facilitating these activities has received less attention. 

The evidence suggests that firms primarily position AI as supporting reporting, monitoring, and 

compliance processes associated with sustainable finance rather than demonstrating direct 

improvements in financing outcomes or access to capital. The broader theoretical implication is 

that sustainable finance may represent an external mechanism through which internally developed 

AI-enabled sustainability capabilities become strategically relevant to investors and other financial 

stakeholders. AI-supported ESG information and climate-risk assessment can form part of the 

informational infrastructure through which firms communicate sustainability capabilities to 

capital-market actors. Sustainable finance therefore connects internal capability development with 

external stakeholder evaluation, although the present evidence does not establish that this process 

results in improved financing outcomes. Therefore, reported links between AI and sustainable 

finance should be interpreted as organizational narratives and reported practices rather than 

confirmed financial outcomes. 

The findings highlight the importance firms attribute to stakeholder perceptions when 

communicating AI-enabled sustainability initiatives. Consistent with Stakeholder Theory, firms 

use AI-related sustainability narratives to demonstrate innovation, environmental responsibility, 

and future readiness to investors, regulators, customers, and other stakeholders (Freeman, 1984; 

Donaldson & Preston, 1995; Mitchell et al., 1997). However, the disclosure evidence demonstrates 

how firms position AI as potentially supporting stakeholder confidence and organizational 

legitimacy rather than establishing measurable changes in stakeholder trust or behaviour. This is 

consistent with the ESG and sustainability reporting literature, which emphasizes that the value of 

sustainability disclosure depends on its credibility, transparency, comparability, and accountability 

(Hahn & Kühnen, 2013; Hahn & Lülfs, 2014; Hansen, 2024; Khatib, 2024a; Khatib, 2024b). 

Theoretically, these findings suggest that AI may alter the basis on which firms seek to establish 

legitimacy with sustainability-oriented stakeholders. AI-enabled monitoring, analytics, and 

reporting are positioned as expanding firms’ capacity to generate and communicate sustainability 

information, potentially making stakeholder relationships increasingly data-mediated and 

dependent on the perceived credibility of technologically generated evidence. In this sense, AI is 

positioned not only as an internal sustainability capability but also as an interface between 

organizational capabilities and external stakeholder evaluation. Its legitimacy value therefore 

depends on whether stakeholders regard AI-generated sustainability information as transparent, 

reliable, and accountable. Accordingly, AI-enabled reporting may support more timely and 

detailed sustainability communication, while sustainability assurance and external verification 

remain essential for enhancing the credibility of reported environmental and ESG information. 
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Several disclosures used aspirational language, suggesting that AI-related narratives may serve 

both informational and legitimacy-building purposes (Cho et al., 2015; Hahn & Lülfs, 2014). 

Where firms make AI-related sustainability claims without transparent and verifiable evidence, 

such communication may create perceptions of technological and environmental leadership 

without demonstrating corresponding sustainability outcomes, increasing the risk of technology-

enabled greenwashing. This is particularly important when disclosures lack information on 

underlying data, methodologies, implementation maturity, or independent verification, making it 

difficult to distinguish substantive AI implementation from aspirational positioning or impression 

management. 

The findings suggest that firms position AI as supporting a shift from retrospective environmental 

reporting toward more preventive, real-time, and data-driven environmental governance, 

consistent with emerging research on AI-supported environmental management (Naji et al., 2024; 

Ning et al., 2023; Khatib, 2024a; Khatib, 2024b). Theoretically, AI-enabled monitoring may 

connect internal environmental management with external accountability requirements, 

strengthening the integration of RBV and Stakeholder Theory by showing how internally 

developed technological capabilities gain strategic significance when used to respond to regulatory 

and stakeholder expectations. 

Despite these opportunities, AI-enabled sustainability practices involve significant governance and 

implementation risks, including poor data quality, algorithmic bias, limited explainability, 

cybersecurity vulnerabilities, and high implementation costs. Effective AI governance therefore 

requires clear accountability, human oversight, model validation, data-quality controls, and 

ongoing monitoring of AI-generated outputs. AI may also create environmental trade-offs through 

energy consumption, computing infrastructure, and electronic waste, concerns that received 

comparatively limited attention in corporate disclosures. 

A further concern relates to technology-enabled greenwashing. Although AI-enabled analytics and 

reporting tools are positioned as supporting the production and communication of sustainability 

information, their use may also facilitate the construction of more sophisticated sustainability 

narratives that exceed the underlying evidence of environmental performance. This risk is 

particularly relevant given the aspirational and promotional language identified in some 

disclosures. The same AI narratives that signal capability and legitimacy may simultaneously 

function as selective disclosure, technological overstatement, or sustainability branding. 

Transparency regarding AI methodologies, data sources, model limitations, governance 

arrangements, and the basis of reported sustainability outcomes is therefore important for assessing 

the credibility of AI-enabled sustainability claims. The sustainability value associated with AI 

depends not only on technological capability but also on data integrity, transparency, responsible 

governance, human oversight, and credible assurance of AI-supported sustainability claims. 
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The findings support the integrated framework by showing how firms connect AI-enabled 

capabilities with reported environmental and governance outcomes, stakeholder communication, 

organizational legitimacy, and sustainable finance opportunities (Pigola et al., 2021; Man et al., 

2024). Rather than proposing new theoretical mechanisms, the study demonstrates the 

complementary relevance of RBV and Stakeholder Theory. From an RBV perspective, AI-enabled 

monitoring, analytics, ESG data management, and reporting represent capabilities that may 

strengthen sustainability-oriented organizational processes. From a Stakeholder Theory 

perspective, their strategic value is also shaped by how these capabilities are communicated, 

evaluated, and perceived by stakeholders. AI-enabled sustainability communication may therefore 

connect internal capability development with external perceptions of environmental responsibility, 

transparency, and governance competence. Organizational legitimacy, stakeholder expectations, 

regulatory requirements, and sustainable finance opportunities may, in turn, influence the 

continued development and deployment of these capabilities, suggesting an interactive 

relationship between internal capability development and external stakeholder evaluation. 

The theoretical implication is not that AI automatically generates stakeholder trust or legitimacy, 

but that it may reshape the interface between organizational capabilities and stakeholder 

evaluation. This relationship depends on disclosure credibility, transparency, governance, and 

assurance. Credible and verifiable AI-generated sustainability information may support 

legitimacy-building, whereas aspirational or unsupported claims may increase the risks of 

technological overstatement and greenwashing. This perspective provides an integrated 

understanding of how AI-enabled capabilities, sustainability governance, stakeholder 

relationships, organizational legitimacy, and sustainable finance are interconnected within the 

construction sector. 

5.1 Contributions to Research and Theoretical Implications 

The study makes several key contributions to the literature on AI, sustainable finance, 

environmental management, and corporate sustainability. First, it shows that construction firms 

position AI beyond operational efficiency and automation, associating it with environmental 

governance, ESG reporting, sustainable finance, and stakeholder engagement (Oesterreich & 

Teuteberg, 2016; Li et al., 2018; Newman et al., 2021; Papadonikolaki et al., 2023). This supports 

emerging research that views AI as a broader strategic enabler of sustainability and ESG value 

creation (Vial, 2019; Warner & Wäger, 2019; Naji et al., 2024; Man et al., 2024). Second, the 

study extends the emerging connection between AI and sustainable finance, showing that firms 

position AI-enabled analytics, monitoring, and reporting systems as supporting ESG reporting, 

climate-risk assessment, and sustainable finance processes, although direct financing outcomes are 

not established (Sullivan & Mackenzie, 2017; Matser et al., 2023; OECD, 2020). Third, the 

findings reveal an imbalance in corporate disclosures, which emphasize AI’s sustainability 

benefits while giving less attention to risks such as algorithmic bias, data quality, cybersecurity, 

implementation costs, energy consumption, and technology-enabled greenwashing. Finally, the 
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study highlights the importance of disclosure credibility, transparency, verifiability, and 

sustainability assurance when evaluating AI-enabled sustainability narratives.  

From a theoretical perspective, the study demonstrates that the complementary application of the 

RBV and Stakeholder Theory provides a useful lens for interpreting AI-enabled sustainability 

practices in the construction sector. Rather than extending, refining, or challenging these theories, 

the findings illustrate how RBV helps explain the internally oriented capabilities that firms 

associate with AI, such as environmental management and ESG data management, while 

Stakeholder Theory explains how firms communicate these capabilities to enhance transparency, 

stakeholder engagement, and organizational legitimacy. Building on these established 

perspectives, the proposed framework provides an integrative, context-specific interpretation of 

the relationships among AI-enabled capabilities, sustainability-related outcomes, stakeholder 

communication, organizational legitimacy, and sustainable finance opportunities. Its contribution 

therefore lies in applying and integrating RBV and Stakeholder Theory to explain the disclosure 

patterns identified among LSE-listed construction firms, thereby supplementing existing 

theoretical understanding with empirical evidence from the AI-enabled sustainability context 

rather than advancing the theories themselves. The accompanying propositions (P1–P6) present 

theoretically informed relationships for future empirical investigation but are not empirically 

validated causal mechanisms. Future quantitative and longitudinal research is therefore required 

to examine whether, and under what conditions, these proposed relationships are supported. 

5.2 Practical and Policy Contribution 

The findings provide several practical implications for construction executives, sustainability 

managers, investors, and policymakers. AI may support environmental management, ESG 

reporting, climate-risk monitoring, and sustainability-related decision-making through AI-enabled 

monitoring systems, predictive analytics, and reporting platforms. However, successful 

implementation depends not only on technology adoption but also on organizational readiness, 

including data quality, digital infrastructure, technical expertise, managerial commitment, and 

integration with existing sustainability processes. Firms should also consider implementation 

costs, specialist skills, staff training, system integration, and ongoing governance, particularly 

where organizational resources are limited. A phased implementation approach, supported by 

collaboration across sustainability, finance, IT, risk, compliance, and operational functions, may 

improve the effectiveness of AI deployment. Construction firms should establish clear AI 

governance responsibilities before scaling sustainability applications, including ownership of data 

quality, model validation, risk monitoring, and approval of AI-supported sustainability claims. 

ESG managers and sustainability reporting teams should maintain documentation of the data 

sources, methodologies, assumptions, and limitations underlying AI-generated indicators and 

ensure that material AI-generated sustainability information can be traced to supporting evidence. 

High-impact or uncertain outputs should be subject to human review rather than being incorporated 

automatically into ESG disclosures or environmental decisions. Firms should also periodically 
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review AI systems for data quality, bias, model performance, cybersecurity vulnerabilities, and 

continued alignment with sustainability objectives. Managers should therefore ensure that AI-

generated insights complement rather than replace human judgment and appropriate governance. 

For investors and other financial stakeholders, AI-enabled sustainability information should be 

evaluated on the basis of evidence quality rather than the sophistication of the technology claimed. 

Investors should scrutinize whether firms disclose the data sources, methodologies, governance 

arrangements, limitations, and assurance processes underlying AI-generated ESG indicators and 

distinguish between operational AI implementation and aspirational statements about future 

capability. Where AI-supported information informs green bonds, sustainability-linked financing, 

or ESG investment assessments, investors should seek evidence that reported metrics are traceable, 

consistently measured, and subject to appropriate internal controls or independent assurance. 

For policymakers and regulators, the findings highlight the growing importance of AI in 

sustainability governance and ESG reporting. As AI becomes increasingly integrated into 

environmental monitoring and sustainability disclosures, clearer governance frameworks, 

reporting standards, and guidance on responsible AI adoption are needed to promote transparency, 

accountability, and consistency. Regulators should consider guidance requiring organizations to 

explain where AI materially contributes to sustainability measurement or reporting, including the 

nature of the AI application, relevant data sources, methodological assumptions, human oversight, 

accountability arrangements, and material limitations. Particular attention should be given to 

claims attributing environmental improvements directly to AI, where transparent baselines and 

appropriate evidence are necessary to reduce technological overstatement and greenwashing risks. 

Policy support should also help address capability and resource disparities, particularly for smaller 

firms, through guidance on AI governance, data standards, workforce development, and 

proportionate implementation approaches. 

The findings further suggest that organizations should ensure AI-enabled sustainability claims are 

supported by transparent and verifiable evidence to maintain stakeholder trust and reduce the risks 

of greenwashing, greenhushing, and technological overstatement. Effective AI governance should 

therefore include robust data-quality management, model validation, human oversight, 

cybersecurity safeguards, and clear accountability for AI-supported decisions. Sustainability 

reporting teams should establish internal verification procedures for AI-generated metrics before 

external disclosure, while firms should consider independent assurance for material AI-supported 

ESG claims where appropriate. Policymakers and regulators can support responsible 

implementation through proportionate governance expectations, standardized disclosure guidance, 

and capacity-building initiatives that enable smaller construction firms to adopt AI without 

creating excessive compliance burdens.  
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5.3 Research Limitations 

This study has several limitations that should be considered when interpreting the findings. First, 

the analysis relies exclusively on publicly available corporate disclosures, including sustainability 

reports, ESG disclosures, and stakeholder communications. While these documents provide 

valuable insights into how firms disclose and position AI-enabled sustainability practices, they do 

not constitute independently verified evidence of implementation or performance. Corporate 

disclosures may emphasize successful or legitimacy-enhancing initiatives while underreporting 

implementation challenges or unintended consequences. This creates potential for disclosure bias 

and impression management, whereby firms may selectively frame AI-enabled sustainability 

initiatives to reinforce perceptions of technological leadership, environmental responsibility, ESG 

credibility, or organizational legitimacy. Consequently, the prominence of AI-related 

sustainability narratives may reflect both substantive practices and strategic communication 

intended to influence stakeholder perceptions. The findings should therefore be interpreted as 

evidence of organizational sustainability narratives rather than confirmation of actual AI-enabled 

sustainability outcomes. 

Second, the study is bounded by its sample and context. The analysis focuses on a purposive 

sample of 23 LSE-listed construction and construction-related firms during the 2021–2024 

reporting period. Although the sample achieved thematic saturation and captured variation across 

firm characteristics, the findings provide analytical rather than statistical generalization and may 

not be transferable to other industries, privately held firms, or different institutional settings. 

Finally, the qualitative content analysis approach is inherently interpretive. Although 

methodological rigor was strengthened through systematic coding procedures, independent coding 

by three researchers, intercoder reliability assessment, and an audit trail, the study cannot establish 

causal relationships between AI adoption and environmental, governance, stakeholder, or 

sustainable finance outcomes. Accordingly, the findings should be interpreted as an analysis of 

reported AI-enabled sustainability practices rather than a direct assessment of underlying 

organizational capabilities or realized sustainability performance. 

5.4 Future Research Directions 

Future research should prioritize quantitative validation of the proposed framework and 

Propositions P1–P6 using larger samples, longitudinal designs, and panel data to examine whether 

AI-enabled sustainability capabilities and AI-related disclosures are associated with measurable 

environmental, governance, stakeholder, and sustainable finance outcomes. Studies should also 

investigate the mediating and moderating mechanisms underlying these relationships, including 

stakeholder communication, organizational legitimacy, digital maturity, governance quality, 

regulatory context, and organizational resources, as well as assess their applicability across 

different countries, industries, and institutional settings. Further research should examine the 
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governance and potential unintended consequences of AI-enabled sustainability practices, 

including data quality, algorithmic bias, cybersecurity, privacy, implementation costs, energy 

consumption, and technology-enabled greenwashing. In addition, research should evaluate the role 

of AI governance, sustainability assurance, and RegTech in strengthening the credibility and 

accountability of AI-enabled sustainability reporting. Finally, mixed-method and longitudinal 

research combining corporate disclosures with interviews, surveys, case studies, independent ESG 

assessments, stakeholder data, and quantitative performance indicators would provide a more 

comprehensive understanding of how AI-enabled sustainability capabilities are implemented, 

governed, communicated, and translated into organizational and stakeholder outcomes over time. 

6. Conclusion 

This study examined how LSE-listed construction firms position AI within sustainable finance and 

environmental management. The findings show that firms increasingly frame AI as supporting 

environmental management, ESG reporting, stakeholder engagement, sustainable finance, and 

environmental governance rather than solely operational efficiency. Drawing on RBV and 

Stakeholder Theory, the study provides an integrative, context-specific framework linking AI-

enabled sustainability capabilities with reported sustainability outcomes, stakeholder 

communication, organizational legitimacy, and sustainable finance activities. Its theoretical 

contribution is primarily integrative rather than an extension of these theories. The findings also 

highlight the importance of disclosure credibility, sustainability assurance, and responsible AI 

governance. As the study relies on corporate disclosures, it demonstrates how firms report and 

strategically communicate AI-enabled sustainability practices rather than verifying their actual 

implementation or outcomes. Future research should empirically test whether these reported 

relationships translate into measurable environmental, stakeholder, governance, and sustainable 

finance outcomes. 
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