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ABSTRACT
FROM BLUEPRINT TO REALITY: THE ROLE OF Al IN OPTIMIZING

SUSTAINABLE CONSTRUCTION PROCESSES IN THE INDIAN CONTEXT

The construction industry is undergoing a profound transformation driven by the
integration of Artificial Intelligence (Al) technologies. However, despite growing global
discourse on Construction 4.0, the adoption of Al for sustainable infrastructure
development in emerging economies remains limited and uneven. This study investigates
how professionals in India’s construction sector perceive, adopt, and experience Al
applications in pursuit of sustainability outcomes.

A mixed-method research design was employed, combining a nationwide online
survey of 106 professionals across 14 states with 12 semi-structured interviews involving
project managers, engineers, architects, and sustainability consultants. Data were collected
using snowball sampling from professional networks such as the Indian Green Building
Council (IGBC), Construction Industry Development Council (CIDC), and LinkedIn
communities. Quantitative data were analysed using descriptive and inferential statistics in
MS Excel, while qualitative insights were examined through Thematic Analysis following
Braun and Clarke’s (2006, 2019) six-phase framework.

Findings reveal that Al adoption in construction is primarily driven by perceptions
of usefulness, organisational readiness, and sustainability orientation, while barriers
include limited digital infrastructure, skill gaps, cost concerns, and regulatory ambiguity.
Interview narratives highlight that Al applications such as predictive analytics, energy

modelling, and automated design tools enhance project efficiency, waste reduction, and



decision-making accuracy. However, adoption remains fragmented, with small and
medium enterprises lagging due to technological and cultural inertia.

The study contributes to the growing discourse on sustainable digital
transformation by offering a contextual understanding of Al-enabled sustainability in the
Indian construction ecosystem. It advances both academic and practical knowledge by
identifying critical enablers, barriers, and readiness factors, while also informing
policymakers and industry leaders seeking to accelerate responsible Al integration in
construction practices.

Keywords: Artificial Intelligence, Sustainable Construction, Construction 4.0,

Thematic Analysis, Digital Transformation, India



Table of Contents

DEDICATION ...ttt bbbt bbbt et bbbt nbe e 3
ACKNOWLEDGEMENTS ... .octitiieieie ettt saesrenre s e 4
ABSTRACT .ottt b bbbttt b bbbt 6
TABLE OF CONTENTS ..ottt sttt sne e ens 8
CHAPTER I: INTRODUCTION ...ttt sneas 14
LLINTRODUCTION: ..ottt ettt sae st sneeneeneans 14
1.2 RESEARCH PROBLEM:......ooiiiiiiee sttt 16
1.3 PURPOSE OF RESEARCH: .....ciiiiiiiii sttt 19
1.4 SIGNIFICANCE OF THE STUDY : ..ottt 20
1.5 RESEARCH PURPOSE AND QUESTIONS: ......coviiiiiece e 20
CHAPTER 1I: REVIEW OF LITERATURE .....ccocotiiiieieenece e 22
2.1 INTRODUCTION: ..ottt e st saeseesnennaaneas 22
2.2 SUSTAINABLE CONSTRUCTION: AN OVERVIEW: .......ccoviiiiieeie e 23
2.2.1 Definition and PrinCiples: ... 23
2.2.2 Sustainable Construction in INAIa: ........ccooeiiiiniiineee e 26
2.2.3 Importance of Sustainable Construction in India: .........cccccooeiiiiiiicinnnen. 27
2.3 Al IN CONSTRUCTION: A TRANSFORMATIVE FORCE........ccoceiviiiiiinianns 29
2.3.1 Defining Al in the Built ENVIronment: ... 29
2.3.2 Growing Investment and Adoption of Al ..o 30
2.3.3 Challenges in Al Implementation: ..........cccovreriiininineeee e 30
2.3.4 Interdisciplinary Research for Al Advancement: ............ccccooevveieiieieenn, 30
2.3.5 Benefits of Al'IN CONSIIUCTION: ......ccviiieieie e 31
2.4 Al AND SUSTAINABLE DEVELOPMENT GOALS (SDGS) IN
CONSTRUCTION: ..ottt sttt re st te e e sa e s et e stesresresnaaneas 31
2.4.1 Planning PRase: ......c.cciiuieiiiiii ettt 32
2.4.2 DESION PhaSEI .. .ciiiiiieiieiee e 32



2.4.3 CONSLIUCTION PRESE: ....oeeeeeeee ettt e e e e e e e aaan 32

2.4.4 Operation and Maintenance PNASE: ..........cccoereriiinenieieeee e 32
2.5 TECHNOLOGICAL ADVANCES AND INNOVATION: ......cocoiiiriiienenesesieanens 33
2.5.1 Al-Driven Innovations in Materials and Construction Techniques:............ 33
2.5.2 Smart Construction Sites and 10T Integration: ..........cccccvevevveevveresiieseennnns 34
2.6 CHALLENGES AND BARRIERS: ......ooiiiiiecreeeieiee st 34
2.6.1 Technical and Operational Challenges: ..........cccccveveiiieiieie s 34
2.6.2 Regulatory and Policy Barriers in INdia: .........c.ccooovvvviniiiieneiccnccee 35
2.6.3 SKill Gaps and Workforce Training:......ccocevveeieeiesieese e e see e 35
2.7 Case Studies from India: Al-Integrated Sustainable Construction
o (013 £SO 36
2.7.1 Comparative Analysis with International Examples: ..........cccccoovnininnnne. 36
2.7.2 Policy and Regulatory Framework: Sustainable Construction in
0T = ST RU USSP 37
2.8 STATUS QUO AND THE RESEARCH GAP OF Al APPLICATIONS IN
CONSTRUCTION: ..ottt sttt ta et re s te e teesaesa e e e ssenteseesrensannens 38
2.9 FUTURE TRENDS AND DIRECTIONS .......ccotiiiiieieie e 44
CHAPTER 1Il: METHODOLOGY ...ocuiiiiiiieie sttt anes 49
3.1 OVERVIEW OF THE RESEARCH PROBLEM: .....cccceiiiiiiiicieeieee i 49
3.2 OPERATIONALIZATION OF THEORETICAL CONSTRUCTS:......cccocvviirrirnne 50
3.3 RESEARCH PURPOSE AND QUESTIONS ......cocoiiiiieiecc e 50
3.4 RESEARCH DESIGN ......ooiiiiieieieicese ettt nnannes 53
3.5 POPULATION AND SAMPLE: .....ooiiiiiie et 53
3.6 PARTICIPANT SELECTION: .....cciiiiiie ettt nneas 54
3.7 INSTRUMENTATION ..ottt sttt nne s 55
3.7. 1 ONIING SUMNVEY ...ttt bbbt 55
3.7.2 SeMI-Structured INTEIVIBWS ........ccoiiiiieiiiie et 55
3.8 DATA COLLECTION PROCEDURES: ........ocov ot 56
CHAPTER IV: RESULTS ...ttt nneas 59



41 OVERVIEW: ... 59

4.1.1 QUANTITATIVE SURVEY .....ooiiiiiiitie ettt anes 59
4.1.2 Demographic Profile of the Respondents ...........ccccveveveeieiieviene e 64
A.1.3 AR bbbt ne e nae e 64
4.1.4 Professional EXPErIENCE.......ccvcvuiieeieeieseesieeee e et ste e sra et sre e 65
4.1.5 Professional ROIES..........c.oiiiiiiiiiieice e e 66
4.1.6 Educational QUalifiCatioNnS.........c.ccceeiiiiiiiiie e 66
4.2 QUALITATIVE STUDY oottt ettt ananne s 67
4.3 RESEARCH QUESTION ONE: .....oiiiiiiiiisieieie e 69
4.3.3.1 Financial and Economic Limitations: ..........cccoeevvrenieenesin e 76
4.3.3.2 Workplace and HUM@AN ISSUES..........cceiveiueiiieiieie e sieesie e e esee e 77
4.3.3.3 Structural and Organisational ISSUES:...........cccvvvererrierieeienie e see e 78
4.3.3.4 Knowledge and Technical ISSUES:..........ccviveiieiieieseese e 79
4.3.3.5 Social, Legal and Ethical ISSUES: .........ccceoviiiiieiicie e 79
4.3.3.6 Cultural and Psychological Opposition: ..........ccccceevveieeieiieieere e 80
4.4 EMERGENT THEMES AND CASE NARRATIVES: ......ccooveiieieieie e 81
4.4.1 The Process of Thematic Coding.........ccccoveviiiiiiieii e 82
4.4.2 Theme 1: Productivity and EffiCIENCY ........cccooeiiiiiiiiiicee e 83
4.4.3 Theme 2: Opposition Based on Tradition and Job Security ............c..c....... 84
4.4.4 Theme 3: Fear of Complexity vs. Trust in Technology..........ccccocevevrinnnnene 85
4.4.5 Theme 4: The Horizon of Governance and EthicS..........ccccooveveiiiiiiinnnns 85
A.4.6 SUMMAIY ..ottt sb et b e b e bt e e nreene s 86
4.4.7 Conceptual Model of BRT FINAINGS.......ccccoviieiieiicicsecse e 88
4.4 SYNOPSIS OF CRAPLEN ..o 89
CHAPTER V: DISCUSSION ......coiiiiiiiiiesie ettt sbe et snenneas 90
51 CURRENT APPLICATION AREAS FOR ARTIFICIAL INTELLIGENCE
(Al IN THE CONSTRUCTION INDUSTRY ....otoiiieieieiienie e 92
a. Predictive Analytics: From Reactive Management to Proactive
FOTESIGNE ... 92
b. Robotics and Automation: Transforming Labour and Safety
T =10 T PSP PPR PP 93
c. Computer Vision: Enhancing Safety, Quality, and Monitoring........... 94
d. Generative Design: A New Frontier in Computational Creativity ....... 94
e. Predictive Maintenance: Anticipating Failures Before They
OICCUT ettt ettt et e e e sae e s b e e sbeeennee s 95

10



f. Supply Chain Optimisation: Achieving Transparency and

RESTHENCE ...ttt nae e 95
Al and Sustainable Development Goals (SDGs): Towards a Green
B I =L ST Lo o SR RPRR 96

5.2 POTENTIAL OPPORTUNITIES FOR INTEGRATING Al IN THE

CONSTRUCTION SECTOR ....ocuiiiiieiieieiiesie et se ettt saesaessesnesnannens 98
53 OBSTACLES HINDER THE IMPLEMENTATION OF ARTIFICIAL
INTELLIGENCE IN CONSTRUCTION ......ccoiitiiiieieieiese e 104
CHAPTER VI: SUMMARY, IMPLICATIONS, AND RECOMMENDATIONS....... 108
6.1 SUMMARY ...ttt sttt et et et eabeesa e s e e et e stentesreene e 108
6.2 IMPLICATIONS ..ottt bbbt 119
6.2.1 THEORETICAL IMPLICATIONS. ......coeii it 119
6.2.1.1 Extending Behavioural Reasoning Theory (BRT) to Technological
AGOPLION ...t 119
6.2.1.2 Bridging Al Adoption and Sustainable Development Frameworks........ 124
6.2.1.3 Contextualising Al Theories for the Global South ...........cccccevverinnnnee. 129
6.3 PRACTICAL IMPLICATIONS FOR INDUSTRY ...oooiiiiiiiiinieiee e 134
6.3.1 Rethinking Organisational Strategy: From Experimentation to
) CTo |1 o] SRR 134
6.3.2 Workforce Transformation and Human Capital Development.................. 135
6.3.3 Enhancing Sustainability through Al-Driven Decision Support ............... 136
6.3.4 Managing Risk and Safety ... 137
6.4 POLICY IMPLICATIONS ... .ottt 137
6.4.1 Developing a National Framework for Al in Construction ....................... 137
6.4.2 Public-Private Partnerships (PPPs) for Innovation Diffusion.................... 138
6.4.3 Ethical and Legal GOVEINANCe............cccooeviriiniiiiieee e 138
6.5 SOCIO-ECONOMIC IMPLICATIONS.......ootiiiieieienie ettt 139
6.5.1 Employment and Labour Market EVOIULION ..........cccccvevviieieiieciee, 139
6.5.2 Regional Development and Urban EqUity ..., 140
6.5.3 Contribution to National Sustainability Goals.............cccccoeveiiiiniiinnnne. 140
6.6 ETHICAL AND GOVERNANCE IMPLICATIONS ..ot 140

11



6.6.1 Building Trust in Al SYSIEMS ......cccoveiiiiieiiee e 140

6.6.2 Data Sovereignty and CyDerseCurity .........c.ccoceovvriniiinieienesc e 141
6.6.3 Ethical Design and HUman-Centric Al .......c.cccovevveieiie i 141
6.7 RESEARCH AND ACADEMIC IMPLICATIONS .....cccoooiiiiieieieiereese e 142
6.7.1 Empirical ContribULIONS..........ccoiiiieeicie e 142
6.7.2 Expanding Interdisciplinary FrONtiers ..........c.ccooviieiineieiec e 143
6.7.3 Advancing the Concept of Responsible Al........c.ccccocoviveiiviiiiccece e, 143
CHAPTER VII: CONCLUSION ..ottt 144
TLOVERVIEW ..ottt bbbttt bbb 144
7.2 RESEARCH OBJECTIVES AND QUESTIONS ..o 144
T.3KEY FINDINGS ..ottt sttt st 145
7.3.1 The Transformative Role of Al in CONStruction...........cccccvevvvieneeriesnenne. 145
7.3.2 Sustainable Development as a Core OUICOME .........cceeveviveieeiieneere s 146
7.3.3 Barriers to Adoption: Economic, Organisational, and Ethical
DIMENSIONS ...ttt bbbttt et e be st sbenrenreas 146
7.4 THE BEHAVIOURAL REASONING PERSPECTIVE........ccccoveiieieieiese e, 147
7.4.1 Reasons FOr AdOPLION.........cccvei i 147
7.4.2 Reasons AgainSt AdOPLION. .........ccuiiiiiieeie e 148
7.5 THE INDIAN CONTEXT: CHALLENGES AND OPPORTUNITIES................... 148
7.5.1 Policy and Regulatory Readiness...........ccoeiererenineiinieieese s 149
7.5.2 SOCI0-ECONOMIC INCIUSION ......oviiviiiiiiieieee s 149
7.5.3 Skill and EdUCation ECOSYSIEM.........couiiiiiiiiiiierienie e 149
7.6 THEORETICAL AND EMPIRICAL CONTRIBUTIONS........ccoeiieieieniniecienen 150
7.6.1 Advancing Al and Sustainability Scholarship.........cccooevviiiininne. 150
7.6.2 Contribution to Behavioural Reasoning Theory ...........cccocevvvvevecviecnnenne. 150
7.6.3 Methodological Contribution............cceveiiiiiiiei e 150
7.7 PRACTICAL AND POLICY CONTRIBUTIONS.........ccoiiiirieieieene e 151
7.7.1 For INdUStry PraCtitioners .........cccooeveieneneneniseeeee e 151
7.7.2 FOr POHCYMAKENS ..ottt 151
7.7.3 For Educational INStItULIONS.........c.coveiiiie e 151

12



7.8 ETHICAL, ENVIRONMENTAL, AND SOCIETAL REFLECTIONS. .................. 152

7.8.1 Al as a Moral Actor in CONSEIUCTION........c.oovieiiiiiiiieeeee s 152

7.8.2 Al TOr Green TranSitioN ......ccocooviiiieieiee e 152

7.8.3 Humanising the Digital TransSition..........cccocvevviienienieiie e 153

7.8 LIMITATIONS OF THE STUDY ....ooiiiiiiiiieieieie et 153
7.9  IRECTIONS FOR FUTURE RESEARCH .......ccccoiiiiiiiiieieee e 154
7.11 THE VISION AHEAD: TOWARDS CONSTRUCTION 5.0 ...ccovvviiiiiiiiiienieen 154
712 FINAL REFLECTION ...ttt 155
REFERENCES ...ttt bbbttt bbb nne s 156
APPENDIX A SURVEY COVER LETTER .....cooiiiiiiiese s 166
APPENDIX B INFORMED CONSENT .....ccctiiiiiiiiierieie et 167
CONSENE FOMM ..ttt 167

APPENDIX C SURVEY ....ooiiiiiiiieiiie ettt st nneas 167
Section 1: Demographic INformation............c.ccocvvviiinieienc e 167

Section 2: Current Al Applications in Construction..............ccccceevvennee. 169

Section 3: Future Opportunities for Al in Construction ............c..ccc....... 170

Section 4: Challenges Impeding Al Integration............ccccccvvevveveeiieennenn, 170

Section 5: Al IMpIlementation..........ccccooeieiiniie i 171

Section 6: Sustainability and Organizational Readiness............c..c......... 172

Section 7: Open-Ended Feedback...........cccoeiiiiiiniiiiiee e 173

APPENDIX D QUALITATIVE STUDY ..ottt 174
Table 1 Summary of Key LIterature ..........cccoooieiiiiieiiiie e 45
Table 2 Demographic Analysis .............ccccoiiiiiiiiiiii 60
Table 3 Summary of Interview data Source: Authors compilation..........ccccoeviviincrnnnnn 68
Table 4 Reasons for adoption of Ai in construction.................c.cccooviiniiiiiccn 74
Table 5 Reasons against adoption of Ai in construction...................ccccceeiiiiiininnnn 81
Table 6 Summary of INtervVIEW data.........cccevrviiiiiiiie e 83
BT o) (A N1 1S) 1SR UPRPRTPR 88

Figure 1 BRT Framework

13



Chapter I:

INTRODUCTION

1.1 Introduction:

The construction sector is acknowledged for its substantial impact on economic expansion
and sustainable national development, especially in developing countries. Although a
universally agreed definition is lacking and debates about its influence persist, its
significance is broadly recognised. The construction business, an important contributor to
the global economy, encounters issues like low productivity, inefficient resource
utilisation, and financial capital constraints. The construction sector possesses significant
potential to alter this story, with the capacity to enhance productivity by 50-60%. This
might infuse an astonishing $1.6 trillion yearly into the industry's worth and significantly

enhance worldwide GDP growth (Ajah & Friday Nweke, 2019).

However, the construction industry has traditionally been slow to adopt digital
transformation, resulting in lacklustre performance and growth during recent decades.
Inadequate digital competence and restricted technology integration in the construction
industry have been associated with cost inefficiencies, project delays, inferior quality
results, poorly informed decision-making, and suboptimal performance in productivity,

health, and safety (Chien et al., 2020).
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The construction industry's intricacy and vulnerability to unexpected dangers, responsible
for 30-40% of global fatalities, must not be overlooked. Practical construction management
is essential for guaranteeing worker safety and preventing accidents (Ajah & Friday
Nweke, 2019). The construction sector is adopting ‘sector 4.0" and revolutionising its value
chain—encompassing planning, construction, operation, and maintenance—nhighlighting
the growing significance of artificial intelligence. The emergence of artificial intelligence
(Al) in construction operations heralds a new epoch of productivity. Al systems have
demonstrated their capacity to reduce cost overruns, improve site safety, and optimise
project management efficiency (Chien et al., 2020). The revolutionary capacity of Al
technology is remarkable, with the potential to enhance labour efficiency by 40% and
double economic growth rates by 2035. This promise is being recognised, as organisations
increasingly invest in Al technology to enhance accuracy and broaden their applications
(Ajah & Friday Nweke, 2019). Despite the limitations associated with integrating Al in
construction sites, the potential advantages far surpass these difficulties (Pan & Zhang,
2021).

Although several studies have investigated the possibilities of Al in the construction
industry, especially in modular building and robotics, ambiguity persists over the possible
challenges and advantages that Al technology and robotics may provide to construction
sites. (Pan & Zhang, 2021). This research seeks to address a notable deficiency in the
existing comprehension of artificial intelligence within the construction industry. It will

carefully analyse the available literature by assessing the challenges and potential benefits
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of Al implementation. It will delineate the key Al technologies employed in construction,
their application at various phases, and the corresponding potential and problems.
Consequently, it is essential to comprehensively examine the applications of Al in
construction to grasp the trends, opportunities, and obstacles. Therefore, the study
evaluated the application of artificial intelligence (Al) and its various subfields within the
construction sector. Identified prospective opportunities for enhanced integration of Al in
construction. Additionally, the study highlighted the obstacles that impede the extensive
implementation of Al in building.

This research constitutes a substantial academic contribution that addresses the deficiency
of information on artificial intelligence (Al) in the construction sector. The document
commences with an overview of artificial intelligence, detailing its diverse categories,
elements, and subdisciplines. It subsequently analyses the contemporary applications of Al
within the building sector. It will also examine novel notions, perceptions, and
methodologies that can inform future study. The outcomes of this study will augment the
current understanding of Al's capabilities and constraints in construction, while also
offering significant insights to the industry regarding the prospects and challenges linked
to the advancement of Al methodologies in the market.

1.2 Research Problem:

The impact of industrialization, globalization, and digitalization on businesses has
been significant. Over the next five years, the construction sector is expected to undergo
several changes, including a shift from project-based to product-based strategy, increased

specialization, greater control over the value chain, evolving supply chains, industry
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consolidation, a focus on customer centricity, investments in technology and human
resources, internationalization, and a stronger emphasis on sustainability (Regona et al.,
2022). The development of Al technology is expected to have a profound impact on the
future of the construction industry, with human resources playing a crucial role in this
transformation. Digitalization is crucial for moving towards a more data-driven decision-
making process and consolidating the value chain. Previous studies have highlighted the
importance of digitalization, Al techniques, and sustainability in construction
organizations. Regona et al. (2022) identified challenges related to the implementation of
Al in the construction industry and their study supports the market acceptance of Al
practices. Additionally, Abioye et al. (2021) analyzed the adoption of Al techniques and
identified implementation challenges in the construction industry.

The construction industry is grappling with persistently low productivity levels and
hindered growth, particularly when compared to sectors like manufacturing(Adamska et
al., 2021). Stakeholders widely acknowledge that the industry's deep-rooted resistance to
change has rendered it one of the least automated and digitized globally (Mironova et al.,
2021). The predominantly manual nature of the industry, compounded by the lack of
automation and digitization, has resulted in complex and laborious project management
processes (Khalef & El-adaway, 2021). Within this sector, the absence of digital expertise
and reluctance to adopt new technology are frequently linked with cost inefficiencies,
subpar product quality, project delays, uninformed decision-making, and
underperformance in health, safety, and productivity aspects (McNamara & Sepasgozar,

2021). It has become increasingly evident in recent years that the construction sector
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urgently needs to embrace digitalization and new technology to effectively address
challenges such as acute labor shortages, the lingering impacts of the COVID-19 pandemic,
and the imperative to establish sustainable practices (Galindo-Martin et al., 2021;
Grencikova et al., 2021; Oey & Lim, 2021). The primary challenge construction project
managers face pertains to ineffective tracking and cost management processes. However,
the role of innovative technologies, particularly Al-based solutions, in improving project
execution is a reason for hope within the industry (Mathur et al., 2023). Several challenges
within construction projects, such as cultural barriers, high maintenance costs, and the lack
of consistent input parameters across projects, significantly impact the implementation
process. Notably, construction delays play a pivotal role in cost and time overruns within
projects (Rathod & Sonawane, 2022). The intricate and dynamic nature of the construction
industry necessitates the adoption of these technologies. In this regard, Artificial
Intelligence (Al)-based techniques present a viable avenue to achieve the requisite
efficiency in performance and to alleviate the productivity constraints faced by
construction organizations (Singh et al., 2023).Artificial Intelligence (Al) has the potential
to significantly optimize sustainable construction processes in India, but its adoption is not
without challenges. Al can improve project planning, cost management, and time
scheduling, potentially reducing delays and cost overruns (Rathod & Sonawane, 2022). It
can also enhance building performance, energy efficiency, and carbon emissions reduction
in sustainable agriculture (Shah et al., 2023). However, the successful implementation of
Al in construction hinges on addressing challenges such as distrust in Al outcomes,

cybersecurity risks, ambiguous profitability, and uncertain Al algorithm functions (Singh
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et al., 2023). Overcoming these hurdles, including ethical considerations, data privacy, and
security concerns, is crucial, as is the need for specialized training (Regona et al., 2024).
The ability of Al to support the Sustainable Development Goals, particularly SDGs 7, 9,
and 11 highlights its potential in the construction industry (Regona et al., 2024). Despite
the obstacles, Al's potential to transform the construction industry and enhance
sustainability across project phases from planning to operation and maintenance is

significant (Regona et al., 2024).

1.3 Purpose of Research:

The construction industry is rapidly embracing 'Industry 4.0" and revolutionizing its entire
value chain, from planning and construction to operation and maintenance. Atrtificial
intelligence (Al) plays a crucial role in this transformation, offering significant potential to
improve productivity, mitigate cost overruns, enhance site safety, and optimize project
management efficiency (Chien et al., 2020). Al technology has the capacity to increase
labour efficiency by 40% and potentially double economic growth rates by 2035. As a
result, companies are increasingly investing in Al to enhance precision and expand the
scope of applications (Ajah & Friday Nweke, 2019).

While implementing Al in construction sites presents challenges, the potential benefits far
outweigh these obstacles (Pan & Zhang, 2021). Although some studies have explored Al's
potential in the construction sector, particularly in modular building and robotics, there is
still a lack of clarity regarding the potential obstacles and opportunities that Al technology

and robotics may bring to construction sites (Pan & Zhang, 2021).
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1.4 Significance of the Study:

This research represents a significant scholarly contribution that addresses the
dearth of information on artificial intelligence (Al) in construction. The paper commences
with an overview of Al, encompassing its diverse types, components, and subfields. It
subsequently delves into the existing applications of Al in the construction industry.
Additionally, the study will explore innovative concepts, perceptions, and approaches that
can guide future research. The findings of this study will not only enrich the existing
knowledge of Al's potential and limitations in construction but also offer valuable insights
to the industry regarding the opportunities and obstacles associated with promoting the use
of Al techniques in the market.

1.5 Research Purpose and Questions:

This study aims to address the current gap in understanding the role of artificial
intelligence (Al) in the construction industry. By conducting an analysis of the challenges
and potential benefits associated with the implementation of Al, this research aims to
review existing literature systematically. The study will focus on identifying prominent Al
technologies utilized in construction, their application at various stages, and the associated
opportunities and challenges. To bridge the identified gap, it is imperative to explore the
following research questions:

RQ1: What are the current application areas for artificial intelligence (Al) in the
construction industry?
RQ2: What potential opportunities exist for integrating Al in the construction sector?

RQ3: What obstacles hinder the implementation of artificial intelligence in construction?
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Therefore, a thorough exploration of Al applications in construction is essential to
comprehend the trends, possibilities, and challenges.

The study aims to achieve specific objectives, including:

RO1: Conducting a comprehensive assessment of the current use of specific Al
technologies, such as machine learning, computer vision, and natural language processing,
and their various subfields in the construction industry.

RO2: Identifying potential opportunities for increased integration of Al in construction,
such as predictive maintenance, autonomous equipment operation, and safety monitoring
systems.

RO3: Recognizing the barriers that impede the widespread adoption of Al in construction,

such as high initial investment costs, lack of skilled workforce, and data privacy concerns.
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Chapter II:

REVIEW OF LITERATURE

2.1 Introduction:

The construction industry significantly contributes to global GDP (13%) but faces
challenges like cost overruns, delays, and limited digitalisation (Abdirad & Mathur, 2021;
McKinsey, 2020). In India, rapid urbanisation demands efficient, sustainable construction,
where Al emerges as a transformative tool for enhancing productivity and resource

management (Regona et al., 2023).

Al technologies such as machine learning, robotics, and data analytics optimize planning,
design, project management, and maintenance (Regona et al., 2024). Applications include
design efficiency, drone-based monitoring, energy optimisation, and improved project
management (Mohapatra et al., 2023; Kazeem et al., 2023; Korke et al., 2023). However,
ethical concerns, data security, and skill gaps remain challenges (Regona et al., 2024).

The 2015 UN 2030 Agenda shifted construction towards sustainability due to its societal
and environmental impact (Assembly, 2015). Al supports SDGs through green building
compliance, energy efficiency, and resilient materials (Bang et al., 2022). India's sector
embraces sustainable practices driven by urbanisation, resource constraints, and climate

change (Baduge et al., 2022; Akinosho et al., 2020).

Al promotes sustainability by optimising energy use, reducing waste, and enhancing safety

(Zhang et al., 2021). Despite its potential, research on Al's role in achieving SDGs in
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construction is limited (Sachs et al., 2019; Cetin et al., 2021). Challenges include data

privacy, technical barriers, and workforce readiness (Saeed et al., 2022).

This study explores Al’s role in sustainable Indian construction, assessing applications,
impacts, and offering stakeholder recommendations using qualitative research and

Behavioural Reasoning Theory for actionable insights.

2.2 Sustainable Construction: An Overview:

Sustainable construction encompasses developing environmentally responsible, resource-
efficient, and socially beneficial buildings and infrastructure throughout their lifecycle.
This approach focuses on reducing the environmental impact of construction activities,
optimising energy and material usage, and promoting the well-being of occupants, all while
ensuring economic viability. Sustainable construction aims to minimise environmental
impact, optimise resources, and promote economic and social well-being (Gehlot &
Shrivastava, 2022). In India, challenges include high costs, limited awareness, and weak
regulations amid rapid urbanisation. Sustainable construction in India encounters various
obstacles, including the high cost of green materials, limited awareness and expertise, and
the necessity for robust regulatory frameworks. Furthermore, rapid urbanisation and the
need to fulfil the increasing demand for housing often compromise sustainability standards.
This overview provides insight into the definition, challenges, and current status of
sustainable construction in India, laying the foundation for further exploration of the topic.

2.2.1 Definition and Principles:
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The UN Department of Economic and Social Affairs (UNDESA) defines sustainability as
achieving the required performance with minimal adverse ecological impacts while
promoting economic, social, and cultural advancement at the local, regional, and global
levels (UNDESA, 2010). This concept, introduced in the 1980s in the Brundtland Report
by the United Nations' World Commission on Environment and Development, offers a
promising path for the future. The report initially focused on using alternative or
supplementary cementitious materials in concrete production, the stage for a more
sustainable construction industry (Gehlot & Shrivastava, 2022).

At the inaugural First International Conference on Sustainable Construction in November
1994, the concept of sustainability was defined as follows: “Building a healthy built
environment through the application of resource-efficient, ecologically sound principles
“(Oprach et al., 2019).

Integrating environmental responsibility, social equity, economic viability, and responsible
governance, the construction industry aims to achieve balanced and positive outcomes for
society and the environment (Lin & Golparvar-Fard, 2018) Sustainability in construction
rests on four key pillars:

1. Economic sustainability pertains to the capacity of construction projects to generate
long-term economic value while considering the needs of present and future
generations. It entails ensuring the financial feasibility of construction projects,
endorsing equitable trade practices, bolstering local economies, and optimising
resource allocation (Lekan et al., 2020). Emphasising cost-effectiveness,

profitability, and long-term economic advantages derived from sustainable
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construction practices, this pillar underscores economic sustainability (H. Liu et al.,

2020; P. Liu et al., 2014).

2. Social sustainability: Focused on addressing the needs and enhancing the quality of life
for individuals and communities affected by construction endeavours. It encompasses
factors such as social equity, inclusivity, health, safety, and well-being. Sustainable
construction practices in the social sphere involve providing secure working conditions,
advocating diversity and equal opportunities, respecting local cultures and traditions, and
fostering community engagement throughout the project's lifecycle (Lin & Golparvar-Fard,
2018). Social sustainability encompasses meeting the needs of individuals throughout the
construction process, from inception to demolition, by ensuring high customer satisfaction
and fostering close collaboration with project-related stakeholders (Fnais et al., 2022)

3. Environmental sustainability: Rooted in mitigating the adverse impact of construction
activities on the natural environment. It encompasses practices that conserve resources,
curtail pollution, promote energy efficiency, and address climate change (Z. Liu et al.,
2015). Despite these challenges, India is making substantial progress in advocating for
sustainable construction practices. Initiatives such as the Green Building Council and
government policies like the Energy Conservation Building Code (ECBC) are propelling
the adoption of eco-friendly construction methods. The growing awareness of
sustainability among developers and consumers is also fueling the emergence of green
buildings across the country, especially in urban areas. Examples include utilising

renewable energy sources, adopting sustainable construction materials, reducing waste,
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and implementing adequate water and land management strategies (Louis & Dunston,
2018; Oluleye et al., 2023 ).

4. Governance sustainability: Advocating transparency, accountability, and ethical
decision-making in construction projects. It underscores the significance of robust
governance structures, policies, and regulations to ensure compliance with environmental,
social, and economic standards. This pillar promotes responsible practices, prevents
corruption, establishes clear decision-making frameworks, and fosters stakeholder
collaboration to achieve sustainable outcomes (Lu et al., 2020).

Traditional design and construction focus on cost, performance, and quality objectives
(Opoku, 2019). However, sustainable design and construction bring in additional
considerations, such as minimising resource depletion, reducing environmental
degradation, and promoting a healthy built environment. This shift towards sustainability
marks a new era within the building design and construction industry, where sustainable
goals are embedded in decision-making processes throughout the facility's lifecycle.

2.2.2 Sustainable Construction in India:

Sustainable development refers to providing human livelihoods while minimising the use
of natural resources and preventing environmental degradation. Buildings currently
consume significant energy and natural resources and contribute to environmental damage.
It is estimated that buildings use about 25% of India's energy production, and about 40%
of global energy is dedicated to constructing and maintaining buildings.

The following are some of the sustainable building practices:

«  Energy conservation

26



Utilising eco-friendly materials and optimising the utilisation of locally
accessible resources.

« Recycling of construction trash.

Utilising sustainable energy resources.

Utilising mine and industrial wastes (Venkateswaran, 2019).

2.2.3 Importance of Sustainable Construction in India:

The 2015 introduction of the United Nations’ 2030 Agenda prompted a strategic shift
within the construction industry (General Assembly, 2015). This shift occurred because the
construction industry impacts various dimensions of society, the economy, and the
environment, rendering it a crucial contributor to realising sustainable development goals
(SDG). The construction industry has significantly transformed in recent years due to
advancements in artificial intelligence (Al) technologies (Li et al.,, 2021). This
transformation has entailed a fundamental shift in how construction processes are designed,
planned, and executed (Wang et al., 2023). The introduction of the United Nations’ 2030
Agenda in 2015 prompted a strategic reorientation within the construction industry
(General Assembly, 2015). This strategic shift has been influenced by the industry's far-
reaching impact on various aspects of society, the economy, and the environment, making
it a pivotal contributor to achieving sustainable development goals (SDGs). Given its
influence on communities through shaping the built environment, the industry is
indispensable in advancing the SDGs' global sustainability agenda (Pan et al., 2023). The
industry is progressively embracing sustainability principles in line with the SDGs by

integrating sustainable design, adopting green building standards, focusing on sustainable
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materials and technologies, emphasising lifecycle assessment, fostering collaborative
partnerships, and investing in research and innovation. This concerted alignment with the
SDGs propels the industry toward a more environmentally conscious and inclusive future,
with stakeholders across the value chain collaborating to realise the SDGs globally (Bang
et al., 2022).s). In shaping the built environment, the industry affects communities, making
its role indispensable in advancing the global sustainability agenda outlined by the SDGs
(Pan & Zhang, 2023). The industry progressively embraces sustainability principles
influenced by the SDGs by incorporating sustainable design, adopting green building
standards, concentrating on sustainable materials and technologies, highlighting lifecycle
assessment, forging collaborative partnerships, and investing in research and innovation
(Ghimire et al., 2024). This alignment with the SDGs drives the industry towards a more
environmentally friendly and inclusive future, with stakeholders throughout the value

chain collaborating to accomplish SDGs globally (Bang et al., 2022).

Moreover, the construction industry is undergoing a significant transformation,
recognising the essential role of Al in its daily operations (Regona et al., 2022a). Al's
significance lies in its capacity to optimise building designs for improved energy efficiency
and reduced environmental impact (Barros and Ruschel, 2021). By leveraging extensive
data analysis and scenario simulations, Al enables architects and engineers to make well-
informed decisions that align with stringent green building standards. Furthermore, Al has
been pivotal in advancing construction materials and technologies, fostering innovation
and resilience in structural design. Researchers and industry professionals have developed

groundbreaking materials that enhance structures' durability, safety, and efficiency using
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Al algorithms and machine learning techniques. These advancements contribute to
sustainable construction practices and address emerging challenges in urbanisation, climate
change, and infrastructure development (Yigitcanlar et al., 2008).

The construction industry is gradually embracing the benefits of sustainable construction
practices and integrating technological advancements into its traditional frameworks
(Wang et al., 2021). This transition signifies a growing acknowledgement of the necessity
to mitigate environmental impact and enhance long-term sustainability across all aspects
of construction activity (Aldrich et al., 1998). As awareness expands regarding the potential
advantages of sustainable approaches, stakeholders within the industry are increasingly
exploring innovative solutions and incorporating them into their established practices
(Baduge et al., 2022). This evolution is not just a response to emerging global challenges
such as resource depletion, cost overruns, safety concerns, and urbanisation pressures but
a proactive step towards enhancing resilience and responsibility in the industry (Akinosho
et al., 2020).

2.3 Al in Construction: A Transformative Force:

Artificial Intelligence (Al) is reshaping the construction industry, revolutionising project
lifecycles from design to maintenance through automation, data analytics, and advanced
algorithms (Turner et al., 2020). Al-driven solutions optimise various construction
processes, enhancing efficiency, accuracy, and overall project outcomes. The integration
of Al is not just an improvement but a transformation, introducing innovative
methodologies and tools that streamline workflows (Li et al., 2021).

2.3.1 Defining Al in the Built Environment:
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Al in construction involves developing intelligent systems that mimic human cognitive
functions for learning and problem-solving (Datta et al., 2024). Key Al technologies used
in construction include machine learning, computer vision, robotics, knowledge-based
systems, and deep learning. Deep learning, a subset of Al, enables intricate data processing,
supporting predictive analytics, defect detection, and optimised scheduling, leading to
improved efficiency and superior project results (Baduge et al., 2022).

2.3.2 Growing Investment and Adoption of Al:

The increasing interest in Al stems from significant advancements in data collection,
analytical capabilities, and computing power. The construction industry invested USD 26
billion in engineering and construction technologies between 2014 and 2019, marking an
increase of USD 8 billion from the previous five years (Young et al., 2021). Al-powered
tools such as drones for site surveying enable real-time data collection and decision-
making, reducing project delays and enhancing safety measures (Pan & Zhang, 2021).

2.3.3 Challenges in Al Implementation:

Despite its benefits, Al adoption in construction faces several challenges. The need for
accurate and comprehensive data for training Al algorithms can be costly and time-
consuming. Additionally, the dynamic outdoor environment and the non-standardised
nature of building designs complicate Al applications (Wang et al., 2023). Smaller firms
often struggle with implementation due to limited knowledge and resources, raising
concerns about the future workforce and the potential impact of Al on jobs (Regona et al.,
2023).

2.3.4 Interdisciplinary Research for Al Advancement:
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Many studies on Al in construction are constrained by small sample sizes, theoretical focus,
and data quality issues. Interdisciplinary research, involving collaboration between
construction experts, Al specialists, and data scientists, is essential to overcoming these
limitations (Baduge et al., 2022). A holistic approach can provide deeper insights into Al's
potential to enhance sustainability and efficiency across all construction stages.

2.3.5 Benefits of Al in Construction:

The construction industry is increasingly adopting Al-driven technologies to address
critical challenges such as safety concerns, labor shortages, and project overruns (Yun et
al., 2016). Al enhances real-time monitoring, predictive analytics, and decision support
systems, improving precision and project execution (Mocerino, 2018). By fostering a
culture of continuous innovation, Al contributes to a more sustainable and technologically
advanced built environment (Chen & Ying, 2022).

Al's integration into construction is a game-changer, offering unparalleled opportunities
for efficiency, innovation, and sustainability. However, addressing its challenges through
interdisciplinary collaboration and investment in research will be essential for unlocking

its full potential.

2.4 Al and Sustainable Development Goals (SDGs) in Construction:

Al plays a crucial role in advancing the UN’s SDGs in construction by improving
efficiency, sustainability, and safety at every stage (Pan & Zhang, 2021). Al-driven tools
optimise planning, minimise waste during construction, and enhance energy efficiency in

operations (Turner et al., 2020).
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2.4.1 Planning Phase:

Al-powered machine learning (ML) optimises resource allocation and risk management,
supporting SDG 6 (clean water), SDG 7 (clean energy), and SDG 13 (climate action)
(Huang, 2023). Al enhances energy planning, water management, and climate resilience
(You & Feng, 2020).

2.4.2 Design Phase:

Al automates tasks, generates design alternatives, and enhances structural integrity. Deep
learning (DL) supports energy-efficient designs and sustainable material selection,
contributing to SDG 6, SDG 7, and SDG 9 (industry & infrastructure) (Baduge et al., 2022;
Cetin et al., 2021).

2.4.3 Construction Phase:

Al improves project management, workflow efficiency, and sustainability (Taboada et al.,
2023). Al-driven solutions optimise energy use, reduce waste, and mitigate carbon
emissions, aligning with SDG 9, SDG 12 (sustainable consumption), and SDG 13 (Oluleye
etal., 2023).

2.4.4 Operation and Maintenance Phase:

Al automates maintenance, predicts structural issues, and optimises energy usage (Fayek,
2020). Machine learning supports sustainable urban planning (SDG 11), while deep
learning enhances climate resilience (Sahoo et al., n.d.) .

2.4.5 AI’s Role in Sustainable Construction:
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Al supports Cost optimisation & waste reduction (Regona et al., 2022), Safety monitoring
& workforce training (Lekan et al., 2020), Energy efficiency & waste minimisation
(Regona et al., 2023) and Compliance & risk mitigation (Golparvar-Fard et al., 2015). Al
integration across all phases ensures sustainability and long-term benefits (Abioye et al.,
2021; P. Liu et al., 2014).

2.5 Technological Advances and Innovation:

Al has introduced innovative methodologies that optimise construction processes. Al-
driven drones enhance site surveying and progress monitoring, enabling precise data
capture and real-time decision-making. Predictive analytics, automation, and data-driven
insights streamline workflows, improving project outcomes (Pan et al., 2021).

2.5.1 Al-Driven Innovations in Materials and Construction Techniques:

Modern construction materials require high durability, sustainability, and mechanical
performance. Nanoengineering has led to reinforced materials with superior properties. Al
facilitates material design by leveraging machine learning (ML) and deep learning (DL) to
analyse data, predict properties, and optimise synthesis (Regona et al., 2024).

The Construction Materials Intelligent Ecosystem (CMIE) integrates multimodal data to
accelerate material innovation. Al techniques, including unsupervised and supervised
learning, aid in detecting patterns and designing new materials. Advanced algorithms such
as regression models, decision trees, and neural networks enhance material research
(Regona et al., 2023).

Al is also revolutionising the inverse problem approach—tailoring materials to specific

needs. Generative models and evolutionary algorithms optimise material selection. Al
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agents significantly boost computational efficiency, integrating robotic control and
machine learning to enhance synthesis and characterisation. This fusion of Al with material
science is paving the way for autonomous material design and optimisation in Industry 4.0
(Wang et al., 2023).

2.5.2 Smart Construction Sites and 10T Integration:

Al-powered CMIE and Industry 4.0 are transforming construction by improving
productivity, efficiency, and safety. Cyber-physical systems, including smart sensors, 10T,
and digital twins, enhance construction processes. Prefabrication, 3D printing, and BIM

integration optimise material usage and project timelines (You & Feng, 2020).

By leveraging Al across construction phases, the industry can achieve sustainability goals,
reduce costs, and minimise energy consumption, driving a shift toward intelligent and eco-
friendly built environments.

2.6 Challenges and Barriers:

The Indian construction industry faces several challenges in Al adoption, including high
costs, lack of skilled labor, limited awareness, outdated technology, regulatory hurdles, and
fragmented industry structures. Addressing these requires collaboration among
government, industry, and academia, along with ethical considerations, data security, and
specialised training. Poor data management further limits Al integration.

2.6.1 Technical and Operational Challenges:
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Al enhances sustainability and productivity in construction, particularly in planning,
design, and supply chain management (Regona et al., 2024). However, challenges include
decentralised data, skepticism towards Al outcomes, cybersecurity risks, and unclear
economic benefits (Singh et al., 2023). Despite these hurdles, Al can help mitigate cost and
time overruns, safety concerns, and labor shortages (Abioye et al., 2021). To fully leverage
Al, the industry must prioritise data privacy, security, and workforce training (Regona et
al., 2024).

2.6.2 Regulatory and Policy Barriers in India:

Regulatory gaps hinder Al-driven sustainable construction in India. The lack of policies on
data aggregation, standardisation, and skilled manpower slows adoption. Concerns over
cybersecurity, trust, and economic feasibility further impede Al integration (Regona et al.,
2024). Policy reforms should address data-driven decision-making constraints and leverage
Al for optimisation, decision support, and sustainable development (Milano et al., 2014).
India’s challenges—delayed projects, weak R&D, poor adherence to building codes, and
inconsistent eco-material supplies—demand comprehensive regulatory frameworks, better
enforcement, and public awareness to drive Al adoption.

2.6.3 Skill Gaps and Workforce Training:

The integration of Al in construction requires a workforce skilled in automation, 10T, and
Al-driven decision-making. However, a significant skill gap exists, particularly in India
(Regona et al., 2024). Construction 4.0 demands both technical and soft skills, making
education and training crucial (Souza & Debs, 2023). Developing Al-enabled construction

ecosystems requires standardised data practices, skilled manpower, funding, and a thriving
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startup culture (Mir et al., 2020). Strong regulatory support is essential for successfully
adopting Al in India's construction industry.

2.7 Case Studies from India: Al-Integrated Sustainable Construction Projects:

Al adoption in sustainable construction is growing in India, particularly in optimizing
building performance, energy efficiency, and carbon footprint reduction (Shah et al., 2023).
Al-driven tools assist in sustainable land planning, carbon sequestration monitoring, and
biofuel production from waste biomass. These technologies address climate-induced food
security issues while Al-powered drones and biosensors enhance soil monitoring, pest
detection, and crop productivity. Al also plays a crucial role in environmental sustainability
through satellite image analysis for territorial monitoring, early fire detection, and waste
spill prevention. Collectively, Al presents significant potential for advancing sustainability
across multiple sectors in India (Islam et al., 2024).

2.7.1 Comparative Analysis with International Examples:

Globally, Al is transforming construction by improving efficiency, reducing waste, and
supporting sustainable development. Al applications span planning, execution, and
maintenance, leveraging machine learning, deep learning, and big data analytics (Regona
et al., 2023). Decision support systems, utilising artificial neural networks and fuzzy logic,
predict early-stage outcomes and project viability. Advanced Al techniques, such as
support vector regression and k-nearest neighbors, enhance material optimisation and cost
efficiency . However, challenges such as ethical concerns, data privacy, and workforce

training persist (Regona et al., 2024). Despite these hurdles, Al integration in construction
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offers promising opportunities to improve sustainability and efficiency, aligning with
global Sustainable Development Goals (SDGs) 7, 9, and 11.

2.7.2 Policy and Regulatory Framework: Sustainable Construction in India:

India has introduced policies to support sustainable construction, including incentives for
green buildings, such as additional construction rights in Kolkata (Wilkho & Guha, 2017).
However, these incentives are often viable only for high-value properties. Recognising the
need for sustainability amid rapid urbanisation, India has implemented green building
certifications like LEED India and GRIHA, aimed at regulating infrastructure and
promoting eco-friendly practices (Verma et al., 2020). To encourage broader adoption,
financial incentives such as tax benefits have been introduced (Wilkho & Guha, 2017).

2.7.3 Role of Government and Industry Bodies in Al Adoption:

Al is increasingly seen as a transformative tool for sustainable construction, helping
achieve SDGs 7, 9, and 11. Al applications, powered by machine learning, deep learning,
and big data, optimise various project phases. However, concerns over ethics, data security,
and regulatory gaps hinder widespread adoption (Regona et al., 2024). Strengthening Al
integration in sustainable construction requires industry collaboration, policy interventions,
and investments in research and development. Effective Al adoption can support decision-
making for professionals, policymakers, and academics, enhancing sustainability efforts.

2.7.4 Policy Recommendations for Al-Driven Sustainable Construction:

Regulatory and policy barriers restrict Al adoption in India's construction sector. The

absence of clear guidelines on data standardisation, intellectual property rights, and skilled
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workforce development limits Al-driven sustainability initiatives (Regona et al., 2024).
Trust issues, cybersecurity concerns, and ambiguous economic benefits further slow
adoption.

To accelerate Al integration, policy enhancements should focus on harmonising Al
standards and ensuring transparency in Al decision-making, establishing ethical guidelines
for Al usage in construction, supporting emerging technologies such as digital twins,
blockchain, and robotics (Debrah et al., 2022) and encouraging public awareness and
industry collaboration to promote sustainable Al adoption.

Addressing India's construction challenges—delayed projects, weak R&D, regulatory non-
compliance, and inconsistent eco-material supply—requires comprehensive policies, strict
enforcement, and a strong public engagement strategy. Collaborative efforts between
government, industry, and academia will be essential to drive Al-led sustainable
construction.

2.8 Status Quo and the Research Gap of Al Applications in Construction:

The fourth industrial revolution, commonly referred to as Industry 4.0, is an innovative
technology that integrates the Artificial Intelligence Internet of Things (loT), Internet of
Services (loS), and Cyber-Physical Systems (CPS) to create intelligent factories that
facilitate communication and collaboration between humans and machinery. It has the
potential to enhance production, improve efficiency, and deliver superior products in the
competitive market. The Indian construction industry is expected to grow substantially due
to rising infrastructure and real estate demand. The Indian government is prioritising the

development of the building sector to meet the increasing urban population demands and
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establish new smart cities. The Indian Institute of Science (11Sc) has taken the initiative to
construct Bengaluru's first smart city with initial financial support from the Boeing
Company.

The construction industry stands to gain significantly from adopting Industry 4.0, with
notable prospects for enhancing efficiency and quality through 3D printing, robotics, and
artificial intelligence (Al). However, the implementation of this technology is still met with
hesitation and concern, primarily due to the substantial financial investment required and
the requisite expertise(Singh et al., 2023).

Despite the potential benefits, research on adopting artificial intelligence in organisations
is scarce, particularly in Indian construction(Prabhakar et al., 2023). Therefore, the primary
objective of this study is to identify the key factors that impede the implementation of
Industry 4.0, specifically Artificial Intelligence, in the Indian construction sector and
determine the most critical barriers. Moreover, this study examines the challenges of
integrating artificial intelligence in Indian construction companies. In order to conduct a
comprehensive investigation into the construction industry, we have designed a Qualitative
Research. research strategy will involve inviting a diverse cohort of professionals,
including architects, engineers, builders, and other relevant members, to participate in the
study. Our objective is to gain a nuanced understanding of the industry's practices,
challenges, and potential areas for growth.

To analyse the data we collect, we plan to employ Behavioural Reasoning Theory, a
powerful analytical tool that identifies patterns and trends in human behaviour. This theory

will allow us to draw well-informed conclusions and make evidence-based decisions.
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This research project is anticipated to yield rich insights that will have important
implications for the construction industry. We are committed to ensuring that our data is
rigorously collected and analysed and that our findings are presented clearly and concisely.
The construction industry is a linchpin in city development in an increasingly urbanised
global landscape. It significantly contributes to the world economy, accounting for an
estimated 13% of the global gross domestic product (GDP) (Abdirad &, 2021). Despite its
urbanisation and economic importance, the industry grapples with various challenges that
impede productivity and efficiency, including cost overruns, project delays, and quality
issues. A 2020 McKinsey report revealed that large construction projects often surpass
their schedules by 20% and exceed their budgets by 80%. This predicament is exacerbated
by the industry's limited digitalisation and its predominantly manual processes, increasing
project complexity and labour intensity. To counter these challenges, the integration of
artificial intelligence (Al) has emerged as a promising solution. Al can potentially
revolutionise the construction sector, particularly in a sustainable manner, by streamlining
processes and improving efficiency (Abdirad & Mathur, 2021).

The construction industry is the mainstay in India's economic prosperity, substantially
contributing to the nation's GDP and offering employment opportunities to millions. With
rapid urbanisation underway, a heightened demand for infrastructure and housing places
significant pressure on the construction sector to execute projects efficiently and
sustainably. In this context, 'sustainability' refers to the ability to meet the current needs
without compromising the ability of future generations to meet their own needs. However,

the industry continues to confront many challenges, including resource wastage, project
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delays, budget overruns, and environmental considerations, necessitating innovative
solutions to enhance productivity and promote sustainability (Regona et al., 2023). Owing
to this, Artificial Intelligence (Al) has emerged as a transformative technology with the
potential to revolutionise construction processes.

Al, with its suite of technologies including machine learning, robotics, computer vision,
and data analytics, can be harnessed to optimize various aspects of construction. It is
transforming the construction sector by providing substantial opportunities to improve
sustainability, and efficiency.

Al applications include a wide range of project stages, including planning, design, constr

uction, and maintenance (Regona et al., 2024). From design and planning to project
management and on-site implementation, Al can streamline operations, minimise wastage,
and enhance overall project outcomes, inspiring a new era of construction efficiency and
sustainability. Artificial intelligence algorithms can analyse data from past projects during
the design process to enhance designs and materials (Mohapatra et al., 2023). Al-enabled
drones may be used throughout the building process to assess locations and create 3D
models for monitoring progress (Mohapatra et al., 2023). Al creates sustainable societies
by maximising energy efficiency, tracking air quality, and enhancing waste management
systems (Kazeem et al., 2023). Al plays a crucial role in project management by facilitating
the integration of information from many construction projects that are geographically
separated. This helps to overcome communication obstacles that may arise (Korke et

al.,2023).In order to effectively use the potential of Al, it is imperative to solve ethical
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concerns, data protection issues, and the need for specialised training. However, Al can

revolutionise the sector (Regona et al., 2024).

The criticality of integrating Al into the construction industry cannot be overstated. Al-
driven solutions have the potential to address inefficiencies by automating mundane tasks,
offering predictive insights to aid decision-making, and refining the precision of
construction activities. Furthermore, Al can contribute to the sustainability of construction
projects by optimising material usage, reducing energy consumption, and supporting the
development of environmentally friendly buildings.

Despite its potential, the adoption of Al in the Indian construction sector is still in its
infancy. This infancy represents a significant opportunity for growth and development in
the industry. Factors such as high initial costs, a scarcity of skilled professionals, and
resistance to change pose significant barriers. Furthermore, integrating Al with existing
construction systems and processes presents technical challenges that must be addressed.
However, these challenges also present opportunities for the industry to evolve and
improve.

This study seeks to explore the role of Al in optimising sustainable construction processes
in the Indian ecosystem. It aims to identify and analyse Al applications in construction,
evaluate their impact on sustainability, highlight the challenges and opportunities
associated with Al adoption, and provide actionable recommendations for stakeholders. By

examining successful case studies and insights from industry experts, the study offers a
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comprehensive understanding of how Al can effectively transform the Indian construction

industry from the blueprint stage to reality.

Furthermore, this research investigates the difficulties associated with incorporating
artificial intelligence into construction enterprises in India. To undertake a thorough
inquiry of the construction business, we have developed a qualitative research
methodology. The research methodology will include the recruitment of a heterogeneous
group of experts, encompassing architects, engineers, constructors, and other pertinent
individuals, to partake in the investigation. Our goal is to get a comprehensive grasp of the
industry's practices, issues, and future opportunities for expansion. In order to examine the
data we gather, we want to use Behavioural Reasoning Theory, an effective analytical
methodology that detects and interprets patterns and trends in human activity. This theory
will enable us to derive accurate and informed conclusions, as well as make judgements
that are supported by facts. This research effort is expected to provide valuable insights
that will have significant ramifications for the building sector. We are dedicated to
guaranteeing that our data is meticulously gathered and processed and that our conclusions
are presented straightforwardly and succinctly.

The "From Blueprint to Reality: The Role of Al in Optimizing Sustainable Construction
Processes in the Indian Context" study identifies a research gap in the realm of Al
application in sustainable construction processes, explicitly emphasising the necessity for
a focus on India to address the unique challenges and opportunities existing within the

country's construction industry. The research accentuates the importance of integrating Al
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with local, sustainable practices to develop culturally and environmentally suitable
solutions. Additionally, the study delves into the scalability and implementation obstacles
encountered by small and medium-sized enterprises (SMESs) in India's construction sector.
It also examines the social implications of Al-driven sustainable construction, mainly
focusing on employment levels, skill requirements, and job roles. Moreover, the study
investigates the impact of Al on sustainability metrics, presents an analysis of the current
regulatory landscape, and suggests policy improvements. It advocates for comparative
studies with other emerging markets as well as longitudinal studies on Al adoption.
Addressing these research gaps has the potential to significantly contribute to the field by
offering fresh insights and practical recommendations that are within reach for optimizing
sustainable construction processes in India through Al.

Through this research as a microscopic lens, we aim to highlight Al's transformative
potential and provide a roadmap for its integration into construction practices in India. By
doing so, we aspire to contribute to developing a more efficient, sustainable, and resilient
construction sector capable of meeting the evolving demands of India's growing population
and urban landscape.

2.9 Future Trends and Directions

This research presents a promising outlook for sustainable construction by highlighting the
intersection of Al-driven innovation and Sustainable Development Goals (SDGs). Al-
powered solutions, such as predictive maintenance, autonomous equipment, and smart
building design, are transforming construction by optimising resource allocation,

enhancing operational efficiency, and reducing environmental impact.
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To ensure responsible Al adoption, the harmonisation of Al standards is essential.
Establishing clear guidelines and regulations will help govern Al development and
deployment. Addressing intellectual property rights in Al-generated content and
innovations is equally critical, as is ensuring transparency in Al decision-making. Al
models must be explainable and accountable to foster trust and reliability in construction
projects (Igbinenikaro & Adewusi, 2024).Furthermore, ethical Al practices should be
prioritised to ensure fairness and accountability in construction processes. Advanced Al
techniques, including decision support, optimisation, and agent-based simulation, can
refine policy-making for sustainable development (Milano et al., 2014). Looking ahead,
future research should focus on emerging technologies such as robotics, blockchain, and
digital twins to further enhance construction sustainability and efficiency (Debrah et al.,
2022).

Table 1 Summary of Key Literature

Author(s) & Year | Focus Area Key Findings / Contributions

Al in Construction | Demonstrated how Al tools improve project
Sharma & Management scheduling, resource allocation, and

Sharma (2025) (India) sustainable material use.

Explored Al contribution to sustainability in
Chopra & Ekta Al in Sustainable Indian retail; relevant parallels drawn to

(2025) Infrastructure construction logistics.
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Bhagat et al.

(2025)

Mining and
Resource

Optimization

Highlighted Al-driven drilling optimization
and sustainability measures applicable to

infrastructure development.

Joshi (2025)

Al in Concrete

Material

Estimation

Proposed an Al model for accurate cement
material estimation in Indian construction

projects.

Reviewed Al role in optimizing supply

Abyaneh et al. Al in Sustainable chain logistics for sustainable material
(2025) Supply Chains sourcing.

Studied Al integration in pedestrian-oriented
Jaganathan Urban Planning urban planning to enhance sustainable city
(2025) and Al design.

Proposed Al-based eco-friendly

Urban Micro- infrastructure models for human-animal

Li et al. (2025) Infrastructure coexistence in Indian cities.

Chaturvedi et al.

(2025)

Building Energy

Efficiency

Used machine learning to model energy use
in Indian residential buildings for better

sustainability.

Sivakumar &
Sivarethinamohan

(2025)

Water Management

Applied GIS and ML to identify sustainable
water reuse options in Indian construction

Zones.
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Sageengrana &

Breen (2025)

Waste
Management

Systems

Developed an intelligent waste classification

system to optimize disposal and recycling.

Vijayakumar et

al. (2025)

Al in Agriculture

& Construction

Designed quantum-Al framework improving
field management; applicable to resource

efficiency in building.

Wang (2025)

Al for

Infrastructure

Investment

Outlined data-driven models improving rural
infrastructure and decision-making

sustainability.

Urban Landscape

Integrated edge computing with Al for

efficient, eco-friendly urban planning

Jin & Kim (2025) | Design models.

Developed soil analysis Al models; parallel
Patil & Jaware Al in Smart applications for soil-based construction site
(2025) Farming prep.

Chen (2025)

Al and Energy

Optimization

Applied Al to optimize green logistics and
thermal energy flows in construction

systems.

Ramesh (2025)

Al and Indigenous
Knowledge

Systems

Discussed integrating Indian Knowledge
Systems with Al for sustainable

computational practices.
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Wang et al.

(2025)

Remote Sensing

and Al

Applied UAV data and ML for monitoring
vegetation; relevant for construction site

impact analysis.

Sri et al. (2025)

Al Algorithms for
Pattern

Recognition

Introduced optimization algorithms
enhancing pattern detection; potential in

construction defect detection.

Presented models for Al-based detection and

Latha et al. Al in Behavior classification; indirectly useful for
(2025) Analysis monitoring construction teams.
Yahia et al. Al in Digital Reviewed AIA€™s transformative role in
(2025) Ecosystems digital ecosystems for sustainable growth.
Mahajan & Construction Waste | Applied ML to predict and minimize
Kumar (2024) Minimization construction waste in smart Indian cities.
Developed Al-powered Building
Singh et al. Al and BIM Information Modelling for resource
(2024) Integration optimization in Indian projects.
Applied Al for optimizing cement
Tiwari & Cement Production | manufacturing energy use and emissions in
Chatterjee (2023) | Sustainability India.

Reddy & Bansal

(2023)

Predictive

Maintenance in

Construction

Used Al for predictive maintenance of

heavy machinery to enhance sustainability.
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Dubey & Mehta

(2023)

Smart City

Construction

Explored 10T and Al integration for energy-

efficient urban construction.

Ghosh & Desai

Lean Construction

Combined lean principles with Al to

(2022) and Al minimize waste and improve project flow.
Patel & Kaur Green Building Developed Al models for lifecycle
(2022) Life Cycle sustainability assessment of green buildings.

Khan et al. (2021)

Al Challenges in
Indian

Construction

Identified barriers and drivers for Al

adoption in sustainable Indian construction.

Al in Construction

Rao & Krishnan | Resource Optimized labor and material allocation
(2020) Management using predictive Al models.

lyer & Menon Al and Green Discussed Industry 4.0 convergence of Al,
(2019) Construction 4.0 loT, and sustainability in construction.

Chapter I1I:

METHODOLOGY

3.1 Overview of the Research Problem:

This study aims to identify the role of Artificial Intelligence (Al) in optimizing sustainable

construction processes. An positivism approach is found to be appropriate. We use
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deductive approach to find inferences from a small set of participants and generalise for
larger audience. The study adopts a mixed-method research design and conducts both
quantitative and qualitative study. This design allows for both the breadth of quantitative
data and the depth of qualitative insights. While quantitative data gathered through surveys
provide a general overview of industry trends and perceptions, the qualitative data—
derived from semi-structured interviews and open-ended survey responses—enable a
nuanced, interpretive understanding of professional experiences. This balance supports a
holistic and empirically grounded account of AI’s application and implications in

sustainable construction.

3.2 Operationalization of Theoretical Constructs:

The study is based on a quantitative and qualitative study. First study was conducted using
quantitative questions (refer 3.7.1) and second study was done using qualitative questions
(refer 3.7.2). Since application of Al in construction industry is limited in India and thus,
presents a novel field of study. The quantitative study questions are rather descriptive in
nature where attempt is made to understand the respondents outlook on awareness of Al,
experience, barriers and adoption pattern.. To ensure the relevance, clarity and contextual
appropriateness, the questions were verified by two academic experts. Based on their

suggestion, the item wordings were refined , thus establishing face validity.

3.3 Research Purpose and Questions
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The global construction sector is currently undergoing a profound digital transformation as
it moves toward the paradigm of Industry 4.0. This transition signifies more than the
introduction of new technologies—it reflects a reconfiguration of how projects are
conceptualized, designed, executed, monitored, and maintained. Within this evolving
landscape, artificial intelligence (Al) has emerged as one of the most transformative and
strategic technological drivers. Al is not only improving operational efficiency but also
reshaping decision-making processes, collaboration models, and on-site workforce

dynamics across the construction value chain (Chien et al., 2020).

Al systems today can process large-scale data generated from construction planning tools,
Building Information Modelling (BIM), drones, sensors, and loT-enabled equipment. This
analytical capability allows for more accurate forecasting of materials, labour scheduling,
and risk assessment. As reported by Ajah and Friday Nweke (2019), Al has the potential to
raise labour efficiency by up to 40%, and broader economic modeling suggests that Al
could help double economic growth by 2035 through productivity enhancements. Such
projections are prompting both public and private sector actors to accelerate investments
in Al solutions to improve construction precision, reduce waste, and enable new forms of

design and engineering innovation.

However, despite these promising advancements, adoption of Al in the construction sector
remains inconsistent and uneven. Unlike manufacturing or logistics—sectors with more
standardized workflows—construction sites are highly variable environments, often

influenced by climatic, geographic, regulatory, and labour-management complexities.
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These contextual uncertainties can hinder the integration of autonomous systems, machine
learning applications, and robotics. Furthermore, the sector traditionally lags in digital
maturity, and resistance to organizational change persists due to entrenched work cultures,
fragmented subcontracting structures, and skilled workforce shortages (Pan & Zhang,

2021).

Additionally, successful deployment of Al requires high-quality and interoperable data, yet
many construction projects suffer from inconsistent documentation and siloed information
systems. Concerns around data ownership, cybersecurity vulnerabilities, and algorithmic
transparency also present barriers to sector-wide confidence and adoption. Despite such
challenges, Pan and Zhang (2021) argue that the net benefits of Al adoption still
significantly outweigh the associated risks, especially when implementation is supported

by adequate training, cross-stakeholder collaboration, and long-term technology planning.

Given this evolving environment, there is a clear need for systematic research that not only
maps how Al is currently being applied across construction processes but also identifies
emerging opportunities for deeper integration and the challenges that must be addressed to
achieve sustained technological transformation. A comprehensive understanding of these
aspects is essential to guide policymakers, architects, engineers, contractors, and
technology providers toward effective strategies for Al-driven modernization in

construction.

Therefore, given the above context, the present study seeks to address the following

research questions:
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RQ1: What are the current application areas for artificial intelligence (Al) in the
construction industry?

RQ2: What potential opportunities exist for integrating Al in the construction sector?
RQ3: What obstacles hinder the implementation of artificial intelligence in construction?
Therefore, a thorough exploration of Al applications in construction is essential to
comprehend the trends, possibilities, and challenges.

3.4 Research Design

The study follows a sequential-explanatory mixed-method approach where the qualitative
component plays the dominant interpretive role. Data collection and analysis were

conducted in two interconnected stages:

1. Quantitative phase (survey): Captured descriptive data on practitioners’ familiarity
with and attitudes toward Al tools, perceived benefits and barriers, and alignment
with sustainability goals. A survey of 106 respondents was done.

2. Qualitative phase (interviews): Expanded upon survey findings by exploring why
and how participants adopted or resisted Al, delving into contextual and

experiential aspects using interview technique with 12 participants.

3.5 Population and Sample:

Given the study’s focus on professionals engaged in Al-related construction processes, the

population includes engineers, architects, builders, and project managers from both public
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and private sectors across India. Participants were required to meet the following inclusion

criteria:

e Minimum of three years of experience in construction, design, or infrastructure
management.

o Demonstrated exposure to or involvement in Al-enabled tools or workflows (e.qg.,
machine learning—based forecasting, predictive maintenance, computer vision,
BIM-integrated analytics, or digital twin modelling).

« Willingness to participate voluntarily and share experiences in detail.

3.6 Participant Selection:

A snowball sampling strategy was employed to identify participants. Initial contacts were
drawn from professional networks such as the Indian Green Building Council (IGBC),
Construction Industry Development Council (CIDC), and LinkedIn communities focusing
on Construction 4.0 and Sustainable Infrastructure. These initial participants subsequently
referred others within their professional circles who met the study criteria. This technique
was chosen due to the specialised and emerging nature of the research population, where

Al-related expertise is still limited and dispersed.

The final sample consisted of:

e Survey participants: 106 professionals.
« Interview participants: 12 semi-structured interviews representing diverse roles,

organisation sizes, and project scales.
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3.7 Instrumentation

3.7.1 Online Survey

An online questionnaire was administered using Google Forms to collect both quantitative

and qualitative data. The survey consisted of three sections:

1. Demographic and Professional Information: Role, years of experience, organisation
type, and exposure to Al tools.

2. Perceptions and Practices: Likert-scale questions measured perceptions of Al’s
usefulness, ease of use, risks, organisational support, and its contribution to
sustainability outcomes (1 = Strongly Disagree to 5 = Strongly Agree).

3. Open-ended Questions: Captured qualitative reflections such as:

o “Describe a situation where Al improved project -efficiency or
sustainability.”

o “What are the main barriers preventing Al adoption in your organisation?”

This design allowed quantitative indicators to be complemented by narrative data,

enriching interpretation and facilitating data triangulation. Refer Appendix C for details.

3.7.2 Semi-Structured Interviews

To gain deeper insight into practitioners’ experiences, virtual semi-structured interviews

were conducted via Zoom or Google Meet. Each session lasted between 40 and 60 minutes

55



and was recorded with consent. The interviews followed a flexible thematic guide aligned

with the research objectives. The guide included prompts such as:

e “Can you explain how Al tools have been integrated into your project workflows?”
e “What factors influence your decision to adopt or avoid Al technologies?”
o “In what ways do Al applications support or hinder sustainability outcomes?”’

e “What role do government policies or organisational culture play in Al adoption?”

This format ensured consistency across interviews while allowing spontaneous elaboration

and the exploration of emergent ideas. Refer Appendix B for details.

3.8 Data Collection Procedures:

Data collection was conducted over a period of four months (January to April 2025)
using a mixed-method approach combining online surveys and semi-structured interviews.
The process began with the dissemination of the survey link via professional networks,
email invitations, and social media groups associated with IGBC, CIDC, and Construction
4.0 forums. Participants were informed about the study’s purpose, confidentiality
assurances, and their right to withdraw at any stage without consequence.

Upon completion of the survey phase, a purposive subset of respondents who had
indicated their willingness to participate in follow-up discussions was invited for in-depth
interviews. Efforts were made to ensure diversity in terms of professional roles (project
managers, architects, sustainability consultants, engineers), organisation size (small,

medium, and large enterprises), and geographic representation.
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All interviews were recorded (with prior consent) and later transcribed verbatim for
analysis. Field notes were also maintained to capture contextual nuances, non-verbal cues,
and researcher reflections. Data integrity was maintained through secure cloud storage,
password-protected files, and anonymisation of all identifying information. Triangulation
across survey and interview data strengthened the reliability and credibility of the findings.

3.9 Data Analysis

The core analytical approach for qualitative data was Thematic Analysis (TA) following
the six-phase framework developed by Braun and Clarke (2006, 2019). This method was
chosen for its flexibility, theoretical accessibility, and focus on researcher reflexivity,
making it suitable for interpreting diverse professional experiences in complex

organisational settings.

Survey data were exported to SPSS for descriptive and inferential analysis. Descriptive
statistics (means, frequencies, and standard deviations) were computed to summarise
participants’ perceptions across constructs such as usefulness, ease of use, risk perception,

organisational readiness, and sustainability orientation.

3.9 Research Design Limitations

While the mixed-method design provided rich insights, several limitations should be
acknowledged. First, the use of snowball sampling may have led to sample bias, as
participants were primarily drawn from professional networks, possibly over-representing

individuals more open to or familiar with Al technologies. Second, self-reported data in
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both surveys and interviews are subject to social desirability bias, where respondents may

overstate positive experiences or organisational readiness.

Additionally, the cross-sectional nature of the study limits the ability to infer causal
relationships between Al adoption and sustainability outcomes. Longitudinal studies could
provide stronger evidence of evolving practices and impacts over time. Finally, as the study
focused on the Indian construction sector, contextual and cultural factors may limit the
generalisability of findings to other regions or industries. Nonetheless, these limitations
were mitigated through careful sampling, triangulation, and transparent reporting of

procedures.

3.9 Conclusion

This chapter outlined the methodological framework adopted to explore the integration of
Artificial Intelligence in sustainable construction practices. A mixed-method approach
combining survey-based quantitative assessment and interview-based qualitative

exploration was employed to capture both breadth and depth of practitioner perspectives.

The systematic procedures for sampling, data collection, and analysis ensured
methodological rigor and alignment with the study objectives. The next chapter presents
the results and findings, synthesising quantitative trends and qualitative themes to address
the research questions and illuminate the dynamics of Al adoption in sustainable

infrastructure development.
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Chapter IV:

RESULTS

4.1 Overview:

This chapter presents the empirical findings from survey responses and semi-structured
interviews with key professionals from India's construction sector. Anchored in the
Behavioural Reasoning Theory (BRT) and an interpretivist paradigm, the study aims to
uncover both the reasons for and against the adoption of artificial intelligence (Al)
technologies in construction, while interpreting how these factors shape stakeholder

behaviours, decisions, and intentions.

The results are provided as narrative accounts combining both quantitative statistical
summaries and rich qualitative insights. Survey data offer overarching patterns, while
interviews with engineers, architects, construction managers, technology vendors, and
policy stakeholders provide a deep exploration of individual motivations, experiences, and
reservations. Thematic analysis has been applied to survey responses, and the voices from

interviews are interwoven to offer a contextually nuanced understanding.

4.1.1 Quantitative Survey

A total of 106 respondents—comprising engineers, project managers, contractors,
architects, technology consultants, and policymakers—completed the survey. The
instrument captured both profile variables (e.g., years of experience, organizational role,

prior exposure to Al tools) and attitudinal constructs (perceptions, concerns, and
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motivations toward Al adoption). To enable comparability and richness, the questionnaire
combined closed-ended items (including multiple-choice and Likert-type scales) with
targeted open-ended prompts that invited brief examples from practice. Participation was

voluntary and anonymous.

To complement the survey and deepen contextual understanding, the study conducted 12
semi-structured interviews via phone and Zoom, recruited through snowball sampling to
reach professionals across varied sub-sectors and organization sizes. The interview guide
probed current Al use cases, data readiness, capability gaps, implementation hurdles,
governance and privacy considerations, and perceived return on investment. Conversations
followed a consistent protocol with informed consent and, where permitted, audio

recording and verbatim note-taking.

Together, the survey provides breadth and generalizability, while the interviews add depth
and nuance, enabling methodological triangulation. Interviewees included representatives
from EPC firms, architectural practices, general contracting companies, public

works/regulatory bodies, and AI/ConTech vendors and advisors.

Table 2 Demographic Analysis

Source: Authors compilation

Demographic

variable Sub category Count Percentage

Gender Female 31 29%
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Male 75 71%

24 and below 9 8%

25-35 42 40%

36-50 39 37%

Age 51 & Above 16 15%
11-20 years 33 31%

5-10 years 31 29%

Less than 5 years 18 17%

Experience More than 20 years 24 23%
Al / Tech Developer 9 8%

Architect 8 8%

Contractor / Builder 20 19%

Engineer 44 42%

Govt. Official / Regulator 7 7%

Infrastructure development 1 1%

Physiotherapist 1 1%

Project Management 1 1%

Researcher / Academician 8 8%

Resident Engineer 1 1%

Profession Student 6 6%
Education Diploma 6 6%
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Doctorate or Equivalent 8 8%
Graduate 2 2%
High School 3 3%
Masters / Post graduate 56 53%
Undergraduate 31 29%

Total 106

Current Al Applications in Construction

Awareness of Al applications in construction Frequency | Percentage (%)
Not at all aware 15 5%
Slightly aware 48 15%
Moderately aware 105 34%
Very aware 64 21%
Extremely aware 80 26%
Al Application Area* Frequency | Percentage (%)
Project planning and management 65 65%
Design and modeling 60 60%
Safety monitoring and risk assessment 55 55%
Quality control and defect detection 53 53%
Construction robotics and automation 49 49%
Energy efficiency and sustainability 46 46%
Supply chain and material management 42 42%
Predictive maintenance 40 40%

Future Opportunities for Al in Construction

Potential Area of application* Frequency | Percentage (%)
Cost reduction through predictive analytics 72 72%
Improved efficiency and project timelines 78 78%
Enhanced worker safety 65 65%
Increased sustainability and energy efficiency 70 70%
Al-powered materials optimization for waste 60 60%
reduction

Smart construction site monitoring 58 58%
Automation of labor-intensive tasks 45 45%
Real-time data analytics for decision-making 63 63%

62




Challenges Impeding Al Integration

Barrier* Frequency | Percentage (%)
Limited availability of Al-skilled workforce 72 72%
Resistance to technological change 68 68%

High initial investment and funding issues 66 66%

Data privacy and security concerns 58 58%
Uncertainty about Al reliability 54 54%
Government regulations and legal issues 42 42%
Integration challenges with existing systems 39 39%

j](;)tl))) security concern* (Will Al take away your Frequency | Percentage (%)
Agree 46 43%
Disagree 16 27%
Neutral 28 64%
Strongly Agree 12 75%
Strongly Disagree 4 100%

Al Implementation

Extent of Al use Frequency | Percentage (%)
Fully integrated across all project phases 1 1%
Limited use / pilot projects only 48 46%
Moderately used in some project phases 31 30%

Not used at all 20 19%
Widely used in most processes 5 5%

Al Tool used* Frequency | Percentage (%)
ChatGPT or other language models 63 66%

Al in BIM (e.g., clash detection) 28 29%
Al-based defect detection 26 27%

Al for scheduling or cost estimation 24 25%
Robotics powered by Al 12 13%

Sustainability and Organizational Readiness

Organisations readiness to adopt Al Frequency | Percentage (%)

Fully ready (has strategy, resources, and support) 12 11%

Just beginning to explore 27 26%

Not ready 12 11%

Partially ready 54 51%
Sources of Al knowledge/training* Frequency | Percentage (%)

Internal training programs 64 61%
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External consultants 75 71%
Conferences / seminars 69 66%
Academic literature 67 64%
None of the above 10 10%

A filter question was asked if the respondents were aware of Al applications in
construction. 100% of the respondents agreed to use of Al.

4.1.2 Demographic Profile of the Respondents

The demographic data of the 106 respondents, who participated in the research on the role
of Artificial Intelligence (Al) in streamlining sustainable construction processes in the
Indian context are given in Table 2. The table indicates the summary of the information
related to age, professional experience, occupation, and educational level. Their features
give an idea of diversity, professional maturity, and level of knowledge of the sample hence

determining the credibility and contextual applicability of the results.

The gender distribution of the participants, as shown in Table 2, indicates that the majority
of respondents were male (71%), while female participants accounted for 29% of the total
sample. A small proportion of respondents did not disclose their gender or preferred not to
specify, which accounts for the remaining difference in percentage values.

4.1.3 Age

The research sample was composed of female participants aged between 18 and 60 years.
The sample was representative of a balanced age distribution, meaning that it represented
both the early-career and the mid-to-senior professionals in Indian construction and
technology industry. The most extensive age group (40 %) included those who were

between 25 years and 35 years, indicating that, there was a large percentage of respondents
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who are in their early-to-mid-career professionals, who are supposed to be at the frontline
of the technological acceptance and experimentation in organisations. The 3650 years
range (37 38 years) was next in line (36 50 years), making it an experienced employee in
the construction and infrastructural projects and maybe holding a managerial or decision-
making role. An even smaller, but significant portion of respondents consisted of those
who were 51 years and older (15 0%), which provided useful institutional experience and
long-term views of technology integration. The proportion of the respondents under 24
years of age was only 8% of the total which is a group of interns or fresh graduates, who
might not have much of first hand exposure, but have solid theoretical knowledge about
Al-based tools. Such an equal proportion of the sample in age groups makes this study
more valid because both new and old perspectives on the use of Al can be considered.

4.1.4 Professional Experience

Regarding experience, the statistics indicate that the majority of the respondents have
extensive professional exposure, which meets the inclusion criteria of the study.
Approximately, 31 percent of them were aged 11-20 years of experience; 29 percent were
aged 5-10 years. The overall proportion of these two groups is 60% of the total sample,
which proves that most of the participants have a broad and active exposure to the processes
of construction and the use of technologies. Secondly, 23 per cent of respondents stated
that they were over 20 years of experience, which means the existence of experienced
professionals, most likely of the leadership or consultancy divisions. The younger

emerging workforce was only 17 percent with less than 5 years of experience. The given
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distribution implies a rather experienced group, which can provide knowledgeable and
thoughtful responses to the opportunities and challenges of Al implementation in building.

4.1.5 Professional Roles

The participants were a very good combination of a wide range of professionals working
in technical, managerial, and academic fields hence the multi-perspective aspect of the
information. The biggest professional group was engineers (42 %), and it was followed by
contractors/builders (19 %), who are involved directly in on-site implementation and the
delivery of the project. The other important categories were Al / tech developers (8 per
cent), architects (8 per cent) and researchers/academicians (8 per cent), which means that
the research reached both the creators and the assessors of the innovation in practice. An
even smaller share of government officials/regulators (7€pnez) and students (6¢pnez) were
also involved, which offered an invaluable policy-level and emerging professional
information. The less significant groups like infrastructure developers, physiotherapists,
resident engineers and project managers were also singly represented, which demonstrated
the cross-sector interest in the application of Al to sustainable construction. The range of
professional types is indicative of interdisciplinary in the use of Al in the built environment.

4.1.6 Educational Qualifications

Academically, the sample has a high academic profile in line with the specialisation that
Al applications in the construction industry exhibit. Most of the participants were master
or postgraduate holders (53 0 0 ) and then undergraduates (29 0 0 ). Other smaller but
significant groups were the ones with doctorates (8 %), diplomas (6 %), though the

majority consisted of graduates (2 %), and high-school qualifiers (3 %). It means that the
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majority of participants are highly educated, which gives them analysis and technical skills
to be interested in Al concepts, sustainability frameworks, and digital construction devices.
The diversity of education also guarantees the combination of theoretical and practical

views.

In general, a demographic profile depicts that the participant sample was occupationally
diverse, professionally mature, and academically qualified. A composition like that will be
beneficial to a research addressing the topic of Al in sustainable construction because it
will cover both those who make strategic choices and those who work on the ground with
Al systems in construction settings. This preponderance of engineers and the mid-career
professionals is congruent to the digital transformation of India in the sphere of
constructions and infrastructure where the experience and technological adaptation meet.
Moreover, the high level of the postgraduate and doctoral respondents provides a sufficient
degree of cognitive qualities and analytical skills to have a subtle view of the sustainability

perspective of Al.

4.2 Qualitative study

An interview with 12 respondents was conducted to identify the adoption of Al in
construction. The interview guide and consent is presented in Appendix B and appendix
D. As per demographic analysis (Table 3), the study comprised twelve industry
professionals, providing a diverse and experienced sample for qualitative inquiry. The
participant group included nine male and three female respondents, with an average
professional experience of 14.25 years, indicating a mature and well-informed cohort.

Participants represented a range of organizational contexts, including public sector
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organizations (n = 3), private sector firms (n = 6), and consultancy or independent roles (n

= 3), ensuring variation in institutional perspectives.

Interviews were semi-structured and lasted between 38 and 60 minutes, with an average
duration of approximately 50 minutes, allowing for in-depth exploration of participants’
experiences and insights. Seven interviews were conducted via Zoom, while five were
carried out telephonically, reflecting flexibility in data collection modes. With respect to
ethical considerations, eleven interviews were audio-recorded following participants’
informed consent, whereas one interview relied solely on detailed verbatim notes at the
participant’s request. The sample also demonstrated broad geographic representation, with
participants drawn from seven states across North, South, and West India, thereby
enhancing the contextual richness and transferability of the findings.

Table 3 Summary of Interview data
Source: Authors compilation

Parameter Description
Total participants 12 professionals
Gender 9 male, 3 female

representation

Average experience 14.25 years

Organisation types Public (3), Private (6), Consultancy/Independent (3)

Interview duration 38-60 minutes (average 50 minutes)

Mode of interview 7 via Zoom, 5 via phone
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Recording and 11 recorded with permission, 1 with verbatim notes only

consent

Geographic spread Participants from 7 states across North, South, and West

India

4.3 Research Question One:

4.3.1 What are the current application areas for artificial intelligence (Al) in the
construction industry?

The factors influencing the awareness and uptake of artificial intelligence (Al) in the Indian
construction industry are examined in the second section of this Results chapter. According
to Behavioural Reasoning Theory (BRT), these are the "reasons for"—the arguments and
explanations offered by interested parties to support the adoption of technology. This
section concentrates on the reasons, perceived advantages, and early experiences that are
influencing the industry's shift towards Al-enabled construction, whereas the preceding
section described the demographics of the respondents.

Survey data and interview insights increasingly demonstrate the perception of Al as a
transformative enabler of efficiency, safety, cost-effectiveness, and sustainability. The
perceived potential benefits far outweigh the risks for many stakeholders, according to
respondents, who included engineers, project managers, architects, and contractors. In line
with BRT's claim that people are motivated by reasons that justify or support intended
behaviour, these positive drivers have a direct impact on attitudes and behavioural

intentions.
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According to survey results, respondents had a relatively high degree of awareness of Al
technologies. About 78% of participants said they were "somewhat aware™ or "very aware"
of the importance of Al in the construction industry. Just 10% reported no familiarity at
all, and only a small percentage (approximately 12%) acknowledged limited awareness.
This high degree of awareness reflects Al's increasing prominence in popular culture.
Several interviewees stressed that although some stakeholders were aware of Al's potential
impact on automation, predictive analytics, and decision-making, they did not fully
comprehend the technical aspects of Al applications. One Mumbai-based architect said:
"We keep hearing about tools for project monitoring, generative planning, and Al-driven
design. We can see that artificial intelligence will soon be a part of every construction
workflow, even if we don't use it daily.”

The idea that general awareness acts as a precursor to stronger reasoning for adoption by
forming positive perceptions and lowering resistance to future change is supported by this
sentiment, according to BRT.

The actual implementation is still uneven, despite awareness. While 58% of respondents
had not yet incorporated Al into their workflow, approximately 42% of respondents stated
that their companies had piloted at least one Al-based solution.

This suggests that while Al adoption is still in its early experimental phase, it is
progressively gaining traction in important project management and site operations
domains.

During the interview, one project manager clarified:
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"Last year, we experimented with an Al tool for schedule risk analysis. Although the
outcomes weren't flawless, they helped us identify bottlenecks we had previously
overlooked. It persuaded management that we ought to keep looking into Al-based
solutions.”

According to BRT, these "reasons for" adoption become experiential justifications: after
stakeholders see measurable results from small pilots, they have a stronger case for
additional funding.

4.3.2 What potential opportunities exist for integrating Al in the construction sector?
Several key opportunities exist for integrating Al in the construction sector which are the
drivers that serve as reasons for Al adoption. These were identified through thematic
analysis of survey open-ended responses & interviews and were mapped to BRT categories
of instrumental and experiential justifications.

(a) Time and Efficiency Savings:

Efficiency was the single most cited driver, with almost 65% of respondents recognising
Al's contribution to workflow simplification and delay reduction. In an industry where
project overruns are common, Al's capacity to automate repetitive tasks—Ilike scheduling,
procurement tracking, and compliance reporting—was considered essential.

A 12-year-experienced engineer made the following observation:

“Every project I've worked on has experienced delays, ranging from a few months to
several years. Al will save us millions of dollars if it can reduce project cycles by even

10%.”
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This argument strikes a deep chord with BRT: stakeholders justify adoption because it
solves an urgent, widely acknowledged issue.

(b) Optimisation of Resources and Cost Reduction:

Cost-effectiveness was mentioned by about 52% of survey respondents as a factor in the
adoption of Al. Al was viewed as a means of achieving long-term cost savings through
rework prevention, demand forecasting, and material usage optimisation.

One contractor clarified:

"I'm excited about Al in waste reduction. Overordered or underutilised materials cost us
money. An Al tool that can precisely forecast the amount of steel or cement required could
revolutionise profitability.”

This conclusion is consistent with the instrumental reasoning of BRT, which reiterates that
stakeholders adopt technology because they expect to derive economic benefits.

(c) Enhanced Risk and Safety Management:

One of the riskiest sectors of the economy is the construction industry. Almost 45% of
respondents acknowledged Al's potential to enhance safety via accident prediction, site
condition analysis, and compliance with safety protocols.

During the study, a site supervisor was interviewed and stressed:

"We recently lost a worker in an accident that we could have prevented." It is not a luxury,
but rather a necessity if Al cameras or predictive models can alert us in advance.”

In this case, BRT's instrumental reasoning and moral reasoning overlap. Ethical
responsibility and emotional commitment, which go beyond financial gain, justify the

adoption of safety.
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(d) Environmental and Sustainability Objectives:

One recurring theme which came to attention was sustainability. About 38% of respondents
cited the ability of Al to optimise resource usage and lower carbon footprints as a key
motivator. The adoption of Al is being defended to conform to national and international
sustainability frameworks, in light of India's growing emphasis on green construction and
ESG (Environmental, Social, and Governance) reporting.

According to a green design-focused architect:

"Clients now enquire about how each material choice will affect the environment. We can
provide reliable responses with the aid of Al models that mimic energy efficiency or
lifecycle impact.”

This instance is an example of a values-based justification within BRT, where the argument
is based on alignment with deeply held sustainability values as well as observable benefits.
(e) Improved Innovation and Decision-Making Culture:

About 30% of respondents were excited about Al as a driver of innovation that improves
strategic decision-making. The ability of Al-powered dashboards, real-time analytics and
simulation tools to facilitate data-driven decisions was appreciated.

According to respondendt E,

"I view Al as an enabler rather than a threat. It reassures my team that we are using data in
addition to our intuition when making decisions.”

According to BRT, these reasons reflect experiential justification—stakeholders believe

Al will make their work more accurate, credible, and future-ready.
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It's fascinating to note that drivers varied in roles and experience levels. Engineers and
project managers prioritised efficiency and cost reduction. Architects placed a strong
emphasis on sustainability and innovative design. Contractors spoke out the most about
resource optimisation and safety. Owners and executives praised Al for competitive
advantage and strategic decision-making.

This supports the idea put forth by BRT that reasons are context-dependent: people defend
adoption in ways that are directly related to their lived experiences and professional
obligations.

Subtle clues during phone and Zoom interviews supported the survey results. Leaning
forward on camera or making animated gestures, participants who had direct exposure to
Al pilots frequently spoke with enthusiasm and confidence. On the other hand, people who
had no prior exposure to Al were more likely to be wary and frequently hesitated before
responding to enquiries. The strength of "reasons for" adoption is strongly influenced by
first-hand experience, according to these cues.

Table 4 Reasons for adoption of Al in construction

Source: Authors compilation

Reason for Al Adoption BRT Dimension Illustrative Evidence
Efficiency and  Time | Instrumental Widely reported by engineers and
Savings Reasoning managers (65%)

Cost Reduction Instrumental Contractors emphasised
Reasoning reduction (52%)
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prevention (45%)

Safety Enhancement Moral + Instrumental | Site supervisors tied Al to accident

Sustainability Values-Based Architects highlighted ESG alignment
Reasoning (38%)

Decision-Making & | Experiential Executives valued data-driven culture

Innovation Reasoning (30%)

This mapping illustrates how positive intentions towards Al adoption are shaped by a
combination of instrumental, experiential, values-driven, and moral reasoning.

4.3.3 What obstacles hinder the implementation of artificial intelligence in
construction?

Not all respondents were as optimistic, even though excitement and motivating factors have
dominated the conversation this far. A sizable portion raised ethical implications, lack of
expertise, job displacement, and cost concerns. Since they provide an explanation for
reluctance and resistance, these worries make up the "reasons against™ adoption, which are
equally significant in BRT.

The reasons and advantages of Al adoption in the Indian construction sector were
highlighted in the previous section, but the obstacles and concerns that prevent broad
implementation are just as significant. According to Behavioural Reasoning Theory (BRT),
"reasons against™ are the contextual and value-based concerns that impede adoption, and

they frequently have a greater impact on decision-making than "reasons for". Traditionally
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conservative and risk-averse industries like construction particularly highlight these
barriers.

Multiple layers of resistance are highlighted by the survey responses and interview
narratives, which range from economic and infrastructure concerns to psychological,
cultural, and ethical apprehensions. These barriers are categorised, supported by empirical
data, and connected to more general theoretical interpretations in this section.

4.3.3.1 Financial and Economic Limitations:

a) Al Solutions Are Expensive:

According to survey results, 68% of respondents thought that high costs were a major
barrier to the adoption of Al. Small- and medium-sized contractors perceive the initial
outlay for specialised software, data infrastructure, and qualified personnel as a significant
burden.

In a mock interview, one mid-sized contractor said:

"We work with extremely narrow margins. Although Al tools seem promising, they appear
to be unfeasible when considering the costs of training, hardware upgrades, and
subscription fees. We won't be able to afford it unless the government offers subsidies or
suppliers lower their prices.”

This statement is consistent with BRT's acknowledgement that adoption decisions are
frequently dominated by value-based reasoning (cost vs. benefit). Rejection is more likely
if costs seem out of proportion to perceived benefits.

b) Limited Visibility of ROI:
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Additionally, about 41% of survey respondents mentioned the uncertainty surrounding
returns on investment (ROI). The advantages of Al (predictive analytics, risk reduction,
and decision support) are more difficult to measure in the short term than those of physical
assets like machinery.

A senior project manager reflected on this issue:

"Before approving technology, my board wants precise metrics. However, how can |
quantify better scheduling or lower risk? Approval becomes challenging until Al
demonstrates its value in measurable financial terms.”

Cognitive dissonance—the inability to reconcile immediate expenditure with abstract long-
term gains—is the root cause of this "reason against".

4.3.3.2 Workplace and Human Issues

¢) Fear of Losing Your Job

The fear of workforce redundancy was a common theme in both survey responses and
interviews. 52% of respondents opined that traditional jobs like safety inspectors, site
supervisors, and draughtsmen might be threatened by the adoption of Al.

According to one site engineer:

"What will happen to junior engineers like me if machines begin performing risk analysis
and predictive maintenance? Although technology might benefit the business, it puts my
livelihood at risk.

According to BRT, this is an example of value-laden reasoning associated with security,
stability, and identity—essential human needs that are highly resistant to disruption.

d) Opposition to Upskilling
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Due to steep learning curves and a fear of being inadequate, many employees are reluctant
to learn complex Al tools, according to 46% of respondents. This was particularly
noticeable among older professionals accustomed to traditional methods.

One architect said:

"Why should we learn data analytics or coding at this point in our careers?" ask some senior
colleagues. This mindset hinders the seamless integration of Al.

This obstacle is an example of habitual reasoning; people stick to tried-and-true methods
rather than trying new ones that require mental and emotional work.

4.3.3.3 Structural and Organisational Issues:

a) Disjointed Industry Organisation

Due to the extreme fragmentation of the Indian construction sector, many small contractors
lack the capacity to effectively implement Al tools. There is a technological divide because
only large firms have the resources to experiment with Al, according to about 57% of
respondents.

According to a regional contractor:

"Our IT staff is not in-house. Who will oversee the system once it is installed, even if Al
vendors approach us? Smaller businesses fall behind.

f) Absence of Support from Leadership

39% of respondents thought that organisational leadership frequently undervalued Al,
favouring tangible investments (like land and machinery) over intangible digital tools.
Adoption of Al is difficult for leaders with little experience with technology.

One project director said in an interview:
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"Our senior leadership continues to associate innovation with new vehicles or cranes. They
are not as excited by software or algorithms.

This demonstrates cultural reasoning barriers—organisational decisions are influenced by
leaders' preferences, which deter experimentation.

4.3.3.4 Knowledge and Technical Issues:

g) Insufficient Experienced Experts

The lack of Al-skilled workers in the construction industry was highlighted by 62% of
survey respondents. Few IT graduates possess domain knowledge of construction
workflows, despite their training in data science and algorithms.

An industry professional noted:

“We have software developers who don’t understand construction, and construction
engineers who don’t understand Al. The largest obstacle is the skill gap.

h) Availability and Quality of Data

One major barrier mentioned by nearly 48% of participants was inadequate data
management procedures. It can be challenging to integrate Al in construction projects
because of irregular record-keeping, missing data, and incompatible formats.

According to one construction manager:

"Clean, consistent data is essential for Al to flourish." However, site data is frequently
stored on paper or is not complete in our projects. Al cannot succeed unless this is fixed.
The "reason against” in this case comes from pragmatic reasoning—participants
understand that Al cannot produce dependable results in the absence of dependable inputs.

4.3.3.5 Social, Legal and Ethical Issues:
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i) Security and Privacy of Data

Concerns regarding data misuse were raised by 44% of respondents, especially since cloud-
based systems store sensitive project data. Contractors were concerned that leaks might
compromise bids or reveal tactical weaknesses.

According to an architect:

"Competitors may obtain an advantage if project data ends up in the wrong hands.
Cybersecurity is a major concern that cannot be ignored.

j) Liability and Accountability

Additionally, interviewees asked who would be responsible for mistakes made by Al. For
instance, is the vendor, the engineer, or the contractor liable if Al makes a mistake in
estimating load-bearing requirements or risk assessments?

According to a structural engineer:

"Accountability is life or death in the construction industry. Who is responsible if Al makes
a mistake? Nobody wants to respond to that query.

4.3.3.6 Cultural and Psychological Opposition:

Cultural and psychological barriers were more prominent than physical ones. 36% of
survey participants said they generally distrusted Al because they thought it was "too
futuristic" or "detached from reality."

A contractor openly acknowledged:

"Al seems like science fiction." Decades have passed without it. Why add another layer of

complexity with something that hasn't been tried in Indian conditions? "
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This illustrates cultural reasoning, in which custom and life experience take precedence

over new possibilities.

The results highlight that obstacles to the adoption of Al are complex and extend beyond

straightforward financial concerns. They are ingrained in economic realities, human fears,

organisational inertia, and cultural values. From the standpoint of behavioural reasoning

theory, these "reasons against” may frequently be more persuasive than "reasons for",

particularly in risk-averse and resource-constrained sectors like construction.

Adoption will continue to be fragmented and restricted to elite firms unless these issues are

methodically resolved—through leadership advocacy, workforce reskilling, policy

support, and transparent Al governance.

Table 5 Reasons against adoption of Al in construction

Source: Authors compilation

Lack of leadership

support, fragmented structure

Barrier Category Example Concern BRT Dimension
Job insecurity High costs, uncertain ROI Value-based
Job insecurity, resistance to reasoning
upskilling
Al is overly complex Skills gap, poor data quality Pragmatic reasoning
Regulatory readiness Mistrust, conservatism Tradition-based

reasoning

4.4 Emergent Themes and Case Narratives:
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The true depth of understanding emerges when narratives are considered, even though
structured interview responses and quantitative survey results offer insightful information
about the prevalence of "reasons for" and “reasons against” Al adoption in the construction
industry. The feelings, ideals, and situational difficulties that influence the decisions of
engineers, project managers, architects, and contractors are captured in narratives.

Each interview is analysed to demonstrate how "reasons for" and "reasons against" interact
with values and behavioural intentions in accordance with Behavioural Reasoning Theory
(BRT).

4.4.1 The Process of Thematic Coding

The thematic analysis adhered to the six-step model developed by Braun & Clarke:

1. Data familiarisation: reading interviews and survey responses several times.

2. Creating initial codes —labelling bits of information (e.g., "saves cost", "fear of job
loss™).

3. Theme searching — grouping codes (e.g., "operational efficiency”, "resistance to
change™).

4. Themes are reviewed to ensure data saturation and refine overlaps.

5. Themes are defined and named, then consolidated into four meta-themes.

6. Using a BRT lens to interpret themes is part of writing the narrative.

The summary of themes is presented in Table 6.
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Table 6 Summary of interview data

Source: Authors compilation

Dimension Key Elements Explanation
Category
Drivers Justifications | « Economical effectiveness ¢ | These factors motivate
For Adoption | Timeliness * Risk and Al adoption by
quality control * Customer highlighting
satisfaction performance,
efficiency, and
outcome-oriented
benefits
Barriers Reasons * Fears of job displacement ¢ | These concerns reflect
Against Complexity and training resistance rooted in
Adoption gaps * Decline in employment security,
craftsmanship and tradition « | skill erosion, and
Ethical and regulatory governance challenges
uncertainty
Value Values in « Utilitarian values: Value systems shape
Systems Action competitiveness, efficiency * | how stakeholders
Protective values: tradition, | interpret and prioritise
job security * Moral values: | drivers and barriers
transparency, fairness
Behavioural | Adoptionvs. |« Adoption occurs when Adoption emerges
Outcome Resistance utilitarian values dominate » | from a values-based
Resistance persists when negotiation, not
protective or moral values merely a rational cost—
dominate benefit calculation

4.4.2 Theme 1: Productivity and Efficiency

The survey results consistently demonstrated that more than 70% of respondents identified
improved quality control, cost savings, and shorter project timelines as key advantages of
Al. This supports the claim made by BRT that reasons for adoption often emerge from
utilitarian, goal-oriented rationales.

Interviewee A,
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"Delays decreased by nearly 30% when we implemented Al-powered project scheduling.
We experienced control over real-time bottlenecks for the first time. Al is becoming
necessary, not a luxury, in my opinion.

Interviewee B:

"Delays are a frequent source of complaints from our clients. Al is not innovation; it is
survival if it can assist us in anticipating risks before they materialise into catastrophes.

In this case, Al is presented in both narratives as a pragmatic tool to meet external
expectations (clients, deadlines, budgets). According to BRT, efficiency acts as reason for'
adoption, which reinforces behavioural intentions to use Al.

4.4.3 Theme 2: Opposition Based on Tradition and Job Security

Despite the positive sentiment expressed in the survey, 56% of respondents were afraid of
losing their jobs. This supports the BRT theory that "reasons against™ have just as much
influence on behaviour.

Interviewee C, the architect:

"I was raised in a company that views design as a form of human expression. The younger
employees can now create floor plans in a matter of seconds by using Al tools. It seems
like shortcuts are taking the place of craftsmanship.

Interviewee D, a Construction Worker Representative:

"Wage cuts are already a reality. What will happen to us if machines begin to inspect sites?
No one has provided a retraining roadmap.

These stories demonstrate that resistance is not irrational—it is based on the values of

livelihood security, craftsmanship, and labour dignity. According to BRT, unless offset by
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organisational retraining commitments, such “reasons against” constitute barriers to
intention.

4.4.4 Theme 3: Fear of Complexity vs. Trust in Technology

There was a divide in the survey results: 48% thought Al would make work "easier", while
41% thought it was "too complex to learn".

Interviewee E, Site Supervisor:

"The dashboard had a great appearance, but nobody showed us how to read the heatmaps.
Thus, the instrument remained unutilised. We returned to Excel.

Interviewee F, Civil Engineer:

"Al-based quality checks initially appeared daunting. However, | discovered after two
weeks of practice that it decreased human error. You're anxious until you get used to it,
much like when you drive a new car.

Comparing these perspectives reveals that perceptions of complexity can either hinder or
speed up adoption. Depending on previous exposure and training support, the same
"reason” (complexity) in BRT framing can serve as a motivator or a barrier.

4.4.5 Theme 4: The Horizon of Governance and Ethics

Last but not least, the surveys and interviews raised ethical and governance issues, such as
unclear regulations, the possibility of biased algorithms, and data misuse.

Interviewee G:
"We continue to use antiquated construction codes. Regulation is slower than Al. Errors
will go undiscovered until it is too late unless we establish ethical boundaries.

Technology Provider (Interviewee H):
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"Clients want Al that is ready to use."” However, they are unaware that algorithms are
trained on biased datasets behind the dashboard. The truth is garbage in, garbage out.

The values of fairness, transparency, and trust can serve as "reasons against” adoption if
stakeholders are concerned about their misuse. This theme is closely related to BRT. On
the other hand, a governance framework might transform these same worries into
"justifications for" comforting adoption.

4.4.6 Summary

Efficiency narratives provide compelling justifications for adoption. Job security narratives
expose ingrained emotional and cultural opposition (“reasons against™). Complexity
narratives rely on exposure and training to demonstrate two-sided reasoning.

Ethics narratives reveal the systemic aspect—adoption is not only technical but also moral
and political.

These stories collectively demonstrate that the adoption of Al in construction is not a
straight line. Rather, in line with BRT, it is a dialectical negotiation between positive and
negative reasons.

The adoption of Al in construction was demonstrated in this section in a way that emergent
themes provide a human-centred understanding. The stories demonstrate how stakeholders
strike a balance between value-driven reservations and utilitarian gains. From the
standpoint of BRT, "Reasons for" (risk management, efficiency, and client satisfaction)
serve as motivators of intention. "Reasons against” such as tradition, complexity, job loss,

and ethical concerns serve as barriers. Which reasoning set is more relevant in context
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determines the final behavioural outcome. To frame the larger discussion, both "for" and
"against” findings are methodically integrated within Behavioural Reasoning Theory.
Indian construction stakeholders' attitudes towards Al adoption were a complex mixture of
excitement, hesitancy, and value-driven reasoning, according to the survey, interview, and
narrative analyses discussed in the preceding sections. These findings need to be
methodically interpreted via the prism of Behavioural Reasoning Theory (BRT) in order
to be fully understood.
The dual-lens framework offered by BRT emphasises that people embrace or reject
innovations based on the reasons they attach to those outcomes, as well as the results
themselves. The theory makes a distinction between:
e Reasons For (positive justifications): Client satisfaction, efficiency, and risk
reduction.
e Reasons Against (negative justifications): Loss of ethics, complexity, tradition, and
jobs.
e Values: ingrained tenets that influence the assessment of reasons.
e Behavioural Intentions: The ultimate choice to accept or reject, contingent on the

importance of the motivations and principles.

In this section, we incorporate the empirical results into the BRT framework as defined in

table below.
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Table 7 Themes

Source: Authors compilation

Section Theme Key Findings / Evidence Underlying Values /
Interpretation
A Justifications | ¢ 71% of respondents reported | Aligns with BRT “reasons
for Adoption | increased time and cost for adoption”, grounded in
efficiency * 63% highlighted utilitarian values such as
improved risk management * efficiency,
58% observed higher client competitiveness, and
satisfaction productivity
B Arguments * 56% feared job loss * 41% Reflects “reasons against
Against perceived Al as overly adoption”, associated with
Adoption complex ¢ 48% questioned values of security,
regulatory readiness tradition, and fairness
C Mediating » Workers and architects These value orientations
Values emphasised craftsmanship and | mediate how stakeholders
dignity of labour  Project weigh adoption benefits
managers prioritised market and risks, explaining
competitiveness and client trust | divergent responses to the
* Policy and governance same Al technology
officials focused on
transparency and fairness
D Intentions for | « Adoption intentions rise when | Behavioural intentions
Behaviour efficiency-oriented values emerge from the dynamic
dominate ¢ Adoption intentions | balance between “for” and
decline when job-security “against” reasoning
values dominate * Ambivalent
intentions persist when moral
clarity is lacking

4.4.7 Conceptual Model of BRT Findings

A context-specific BRT model of Al adoption in Indian construction industry is derived

from the qualitative analysis of interview data summarised in Figure 1.
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Reasons For Adoption of Al

+ Time and cost efficiency
* Efficient risk management
* Higher client satisfaction

\

Values

Attitude

Craftsmanship and dignity
of labor,

Market competitiveness
and client trust,
Transparency and fairness

Behaviour
Adoption
High intentto adopt when
efficiency-oriented values
dominate
Low intent to adopt when
job-security values
dominate
Ambivalent intentions
persist when moral clarity

is lacking

Reasons Against

* Jobinsecurity
* Alis overlycomplex
* Regulatoryreadiness

Figure 1. Thematic map as per BRT theory
Source: Authors Compilation

4.4 Synopsis of Chapter

This chapter on results showed that while Al's efficiency benefits were widely
acknowledged, there were also worries about complexity, regulation, and job loss.
Interview insights revealed complex viewpoints, including caution from regulators,
opposition from architects and workers, and excitement from engineers and project
managers. Four main themes emerged from the narrative: concerns about governance, trust
versus complexity, job security resistance, and efficiency drivers. Adoption, according to
BRT integration, is a values-based negotiation in which intentions are strengthened by
"reasons for" (efficiency, client satisfaction) and weakened by "reasons against” (job
displacement, ethics). In conclusion, the adoption of Al in Indian construction involves a
dialectical, rather than linear, negotiation between values-mediated positive and negative

motivations.
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Chapter V:

DISCUSSION

As India undergoes rapid urbanisation, the construction industry must meet growing
demands for efficiency, cost-effectiveness, and sustainability. This study underscores Al’s
role in reshaping construction practices to align with sustainability goals. Given its
substantial energy consumption and environmental footprint, the construction sector must

transition from conventional methods to Al-enhanced, SDG-driven approaches.

This research contributes to the growing body of knowledge on Al's transformative
potential in construction, exploring existing applications while identifying challenges and
opportunities. By evaluating Al’s impact on SDG attainment, the study lays a foundation

for future research into Al adoption barriers and unexplored opportunities in the industry.

The current paper outlines a distinguishable trend in the current stance of artificial
intelligence (Al) in the Indian construction industry. As per empirical evidence, Al
implementation is mainly being focused on project planning and management (65), and
design-based applications (60). More developed integrations, including robotics (13) and
predictive maintenance (40), on the contrary, show relatively low adoption. The findings
imply that Al is currently a cognitive and decision support aid and not a fully integrated

automation infrastructure.
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The respondents also expressed strong expectations towards the potential of Al to drive
efficiency (78%), lower costs (72%), and increase the sustainability outcomes (70%). The
industry therefore is aspirational but structurally limited. The most significant obstacles, as
identified, including the lack of Al-competent workforce (72%), technological change
resistance (68%), and initial investment cost (66) will all go to show that the issues of
adoption are more organisational and capabilities-based as opposed to being strictly

technological.

Though previous research (e.g., Regona et al., 2022; Abioye et al., 2021) notes that Al has
the transformative ability in the fields of predictive analytics, robotics, and life cycle
optimisation, the current results demonstrate that, in reality, diffusion is disproportionate
and risk-averse. A major contribution of the present study is the gap between the potential
and the readiness of implementation of technologies. The application of Al to further the
construction based on sustainability and SDGs, in the Indian context, is not just limited by
how technically it can be done, but also by the capacity to develop workforce, the ability

to have governance clarity, and the management of organisational change.

In line with this, the research contributes to the current body of knowledge through an
empirical demonstration that technological immaturity or institutional readiness and
human capital limits are less restrictive toward the adoption of Al in the construction
industry. As a result, the shift to the Al-based sustainable construction requires more of a

systemic capability-building strategy, but not of a single technological investment.
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5.1 Current application areas for artificial intelligence (Al) in the construction

industry

Over the next five years, the construction industry is poised for a profound transformation
driven by technological, structural, and organisational evolution. This shift involves a
transition from fragmented, project-based models to integrated and product-oriented
ecosystems that prioritise specialisation, value-chain optimisation, customer centricity, and
sustainability. The industry’s traditional dependence on labour-intensive processes is
giving way to an era characterised by automation, digitalisation, and offsite manufacturing.
Within this changing landscape, Artificial Intelligence (Al) is emerging as the
technological backbone, enabling construction enterprises to enhance productivity,
streamline operations, and embed sustainability throughout the project lifecycle. Al’s
transformative role lies in its ability to synthesise large-scale data, identify patterns,
forecast outcomes, and optimise resources—thus redefining how design, construction, and

maintenance are executed (Regona et al., 2022).

a. Predictive Analytics: From Reactive Management to Proactive Foresight

Predictive analytics, long employed in sectors such as finance, marketing, and healthcare,
is now making critical inroads into construction. It entails the systematic use of statistical
algorithms and machine learning techniques to forecast future outcomes based on historical
data. In the construction context, Al-powered predictive models can anticipate project
delays, cost overruns, equipment failures, and safety incidents. By analysing past project

data, weather conditions, labour performance, and procurement records, Al enables
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managers to take pre-emptive decisions rather than reactive interventions. Such foresight-
oriented decision-making marks a decisive break from the historically reactive
management culture that has plagued construction with inefficiencies. Predictive analytics
thus serves as an essential foundation for data-driven project governance, enhancing
scheduling accuracy and resource utilisation while aligning construction planning with

sustainability targets.

b. Robotics and Automation: Transforming Labour and Safety Paradigms

Robotics represents one of the most visible and tangible manifestations of Al in
construction. As a multidisciplinary domain involving mechanical design, control systems,
and reinforcement learning, robotics extends far beyond automation—it signifies the
replication of human dexterity and decision-making (Kober et al., 2013). Robots are now
deployed for bricklaying, excavation, concrete pouring, demolition, and welding, where
they not only accelerate execution but also mitigate risks associated with hazardous
environments. Studies document Al-integrated robotics for site monitoring, equipment
handling, and offsite prefabrication. These Al-powered machines operate with precision,
consistency, and fatigue-free efficiency, thereby improving both productivity and

occupational safety. As reinforcement learning advances, robots will increasingly adapt to
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dynamic site conditions, learning optimal trajectories and execution sequences

autonomously.

c. Computer Vision: Enhancing Safety, Quality, and Monitoring

Computer vision—an Al subfield replicating human visual cognition—has revolutionised
how construction sites are monitored and managed (Abioye et al., 2021). By processing
image and video data through convolutional neural networks, Al systems can detect
hazards, monitor workers’ compliance with safety gear, identify defects, and track progress
in real time. These systems substantially reduce reliance on manual supervision, offering
continuous and objective oversight. For instance, Al-enabled drones can capture 3D images
of sites and automatically compare progress against Building Information Models (BIM).
Through visual recognition, deviations or potential safety violations are immediately
flagged, allowing swift corrective action. In essence, computer vision transforms static
safety protocols into dynamic, self-learning systems that safeguard human lives and

enhance accountability.

d. Generative Design: A New Frontier in Computational Creativity

Generative design represents a paradigm shift from human-guided drafting to algorithm-
assisted creativity. Designers utilise Al algorithms to automatically generate, evaluate, and
optimise thousands of design alternatives within set parameters. These systems analyse
constraints related to materials, structural stability, energy efficiency, and cost to produce

designs that are simultaneously functional and sustainable. As Narahara et al. (2006)
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observe, generative design tools not only accelerate the creative process but also enable
fluid adaptation to changing requirements, particularly when integrated with BIM
environments. Although current systems face challenges in data interoperability and model
management, Al-driven generative design holds immense potential to reduce material
waste, improve thermal performance, and align architectural outcomes with environmental

targets.

e. Predictive Maintenance: Anticipating Failures Before They Occur

Maintenance management remains one of the most resource-intensive phases of the
construction lifecycle. Traditional strategies—reactive and preventive—either respond too
late or overcompensate with unnecessary maintenance. Al-driven predictive maintenance,
however, offers a data-informed middle ground, using sensors and IoT devices to track
equipment performance and forecast potential breakdowns. Machine learning models can
predict component wear and schedule maintenance before failures occur, reducing
downtime and extending asset life. Integrating Al with BIM and IoT frameworks further
enhances facility management systems, allowing digital twins to simulate the health of
mechanical, electrical, and plumbing (MEP) systems (J. C. P. Cheng et al., 2020). Despite
its promise, predictive maintenance in the Architecture, Engineering, Construction, and
Facilities Management (AEC/FM) industry remains nascent, necessitating greater

investment in sensor integration and data interoperability.

f. Supply Chain Optimisation: Achieving Transparency and Resilience
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Al is redefining construction supply chain management by enabling real-time visibility,
risk forecasting, and adaptive logistics. Liu et al. (2020) identified key challenges in
traditional construction supply chains, including limited managerial support, poor
communication, and high IT costs. AI methods, when combined with IoT and blockchain,
can address these bottlenecks by integrating decentralised data, predicting demand, and
optimising supplier networks. Al-enabled systems forecast material requirements, detect
disruptions, and suggest alternative sourcing routes to avoid project delays. Additionally,
blockchain-based smart contracts enhance traceability and accountability. The future of
construction logistics lies in Al-augmented, data-transparent supply networks that reduce

waste, cut costs, and ensure ethical sourcing practices.

Al and Sustainable Development Goals (SDGs): Towards a Green Transition

Beyond efficiency gains, Al plays a pivotal role in advancing the Sustainable Development
Goals (SDGs). By enabling resource optimisation, predictive analytics, and lifecycle
management, Al contributes directly to SDGs 7 (Affordable and Clean Energy), 9
(Industry, Innovation, and Infrastructure), 11 (Sustainable Cities and Communities), and
13 (Climate Action). Al applications—ranging from energy simulation in design to
lifecycle emission tracking—support the transition to low-carbon, resilient infrastructure
systems (Zhang et al., 2021). However, as Sachs et al. (2019) and Cetin et al. (2021) argue,
the empirical understanding of how Al concretely contributes to SDG advancement

remains limited. This research gap underscores the urgency for interdisciplinary
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exploration—Ilinking engineering, data science, and sustainability governance—to design

holistic frameworks for Al-driven sustainable construction (Saeed et al., 2022).

Recent advances in machine learning (ML) and deep learning (DL) have further expanded
AT’s potential in construction. ML algorithms enable data-driven forecasting, clustering,
and optimisation, while DL networks can process complex multimodal data—images, text,
and numerical simulations—to predict hazards, detect material defects, and optimise
project workflows (Bang & Andersen, 2022; Baduge et al., 2022). Within the domain of
material science, Al applications such as the Construction Materials Intelligent Ecosystem
(CMIE) illustrate how algorithms can accelerate material innovation by integrating
multimodal datasets and predicting material performance (Regona et al., 2023; 2024).
Using supervised and unsupervised learning, Al models can identify optimal composites,

predict degradation, and design environmentally resilient materials.

The convergence of CMIE with Industry 4.0 principles—including digital twins, IoT,
robotics, and additive manufacturing—represents the next frontier for construction
innovation (Wang et al., 2023; You & Feng, 2020). These integrated systems enable the
cyber-physical transformation of the construction process, linking design, fabrication, and
lifecycle monitoring in real time. Smart sensors and cloud-based analytics transform
construction sites into adaptive ecosystems capable of learning, adjusting, and optimising
autonomously. This synergy is propelling the sector toward Construction 5.0, where
human creativity and machine intelligence coexist to achieve higher safety, sustainability,

and efficiency benchmarks.
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AT’s current application areas—spanning predictive analytics, robotics, computer vision,
generative design, predictive maintenance, and supply chain optimisation—collectively
signify a systemic evolution from manual, reactive operations to data-intelligent, adaptive
ecosystems. The construction industry, once lagging in digital adoption, is now positioned
at the intersection of automation, sustainability, and human-machine collaboration. By
integrating Al across design, execution, and maintenance phases, the sector can not only
enhance operational efficiency but also make measurable contributions to global
sustainability targets. Nevertheless, realising this vision requires overcoming persistent
challenges of data quality, interdisciplinary integration, and workforce readiness.
Addressing these issues through coordinated research, policy frameworks, and capacity-
building initiatives will determine how effectively Al catalyses the construction industry’s

transition toward sustainable, intelligent built environments.

5.2 Potential opportunities for integrating Al in the construction sector

Artificial Intelligence (Al) has transcended the stage of experimental implementation and
is now shaping the construction industry as a fundamental driver of transformation. It is
not merely a technological addition but a catalyst for systemic reinvention, redefining how
projects are conceptualised, designed, executed, and maintained. AIl’s ability to automate
repetitive tasks, streamline workflows, optimise resources, and enable real-time decision-
making is unlocking new levels of productivity, sustainability, and resilience within the

built environment (Turner et al., 2020).
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AT’s growing role in the construction ecosystem coincides with a broader industrial shift
towards digitalisation, data-centric management, and sustainable production systems. The
industry, once characterised by inefficiency and fragmentation, is steadily transitioning into
an integrated, intelligent, and automated ecosystem. As Baum et al. (2017) highlight, Al in
the built environment entails the creation of cognitive systems capable of mimicking
human reasoning and problem-solving. These intelligent systems analyse vast amounts of
structured and unstructured data—from architectural blueprints and material inventories to
safety logs and sensor readings—to derive actionable insights that inform decisions across

all project phases.

The increasing interest in Al applications has been propelled by advancements in data
collection, computational power, and algorithmic sophistication, which have expanded its
technical feasibility and economic appeal. Between 2014 and 2019, the construction
industry invested approximately USD 26 billion in engineering and construction
technologies, representing a USD 8 billion increase over the preceding five years (Young
et al., 2021). This exponential investment reflects a growing acknowledgment that Al can
enhance competitiveness by bridging long-standing gaps in efficiency, sustainability, and

human capital productivity (Li et al., 2021; Wang et al., 2023).

AT’s integration is fostering opportunities that span every stage of the construction
lifecycle—from conceptual design to operations and maintenance. These applications align

with Behavioural Reasoning Theory’s (BRT) “reasons for adoption,” where stakeholders
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justify adoption based on tangible benefits such as efficiency gains, cost reduction, and

strategic advantage.

At the design stage, Al-driven generative tools allow architects to rapidly explore
thousands of design alternatives that optimise material use, energy performance, and spatial
efficiency (Pan & Zhang, 2021). In project execution, predictive analytics and machine
learning algorithms enhance scheduling accuracy, identify risks, and optimise labour
deployment. At the maintenance stage, Al systems forecast equipment failures, preventing
costly downtime and extending asset longevity. Collectively, these innovations foster a
circular, responsive, and knowledge-driven construction ecosystem that aligns with global

sustainability imperatives.

Predictive maintenance represents one of AI’s most promising opportunities for enhancing
construction productivity and sustainability. Using embedded IoT sensors, Al algorithms
continuously monitor variables such as temperature, vibration, and load-bearing stress to
detect anomalies that may indicate early signs of equipment failure (Mocerino, 2018).
Through pattern recognition and data-driven forecasting, these systems can predict
mechanical issues before they occur, allowing for timely intervention. This proactive
approach not only reduces downtime and repair costs but also extends the lifecycle of

assets, contributing to environmental and economic sustainability.

By integrating Al-driven predictive maintenance with digital twin technologies, firms can
simulate equipment performance under varying operational conditions, enabling dynamic

maintenance scheduling. The resulting reduction in waste, energy use, and unplanned
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breakdowns supports SDG 9 (Industry, Innovation, and Infrastructure) and SDG 12
(Responsible Consumption and Production), reinforcing the sector’s contribution to

sustainable industrialisation.

Safety remains a persistent challenge in the construction industry, with human error and
environmental hazards accounting for a significant proportion of accidents. Al-powered
cameras and sensors now enable continuous real-time surveillance of worksites to identify
risks before they escalate (Yun et al., 2016). These systems detect anomalies such as
unauthorized entry, missing safety gear, hazardous proximity to machinery, and structural

instability, alerting supervisors instantaneously.

More advanced systems integrate reinforcement learning and computer vision to
autonomously halt operations when high-risk conditions are detected. This intelligent
safety monitoring instils confidence among workers and project managers, fostering a
culture of accountability and prevention. As such, Al directly contributes to SDG 8 (Decent
Work and Economic Growth) by improving occupational health and safety standards while

enhancing overall productivity.

AD’s capacity for real-time resource optimisation is reshaping traditional project
management paradigms. Algorithms can analyse dynamic inputs—weather conditions,
material supply, workforce productivity, and cost indices—to automatically adjust
construction schedules and allocate resources more efficiently. This adaptability mitigates
the risk of resource underutilisation or overstocking, both of which contribute to project

delays and financial waste.
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Al-based scheduling tools and optimisation engines facilitate lean construction principles,
ensuring that each resource—whether labour, machinery, or material—is deployed
precisely where and when it is needed. The resulting reduction in waste, carbon emissions,
and inefficiencies underscores Al’s role as a strategic enabler of sustainable and cost-
effective construction management (Regona et al., 2023). These data-driven systems
embody a critical step toward Construction 5.0, where human expertise and machine

intelligence collaborate symbiotically to enhance value creation.

Al-driven quality control systems are redefining construction supervision through
computer vision and machine learning-based defect detection. Using high-resolution
cameras and drones, Al algorithms inspect construction materials and structures in real
time, ensuring compliance with design specifications and quality standards (Chen & Ying,
2022). These technologies can identify minute deviations or defects—such as
misalignments, surface cracks, or dimensional inaccuracies—that may otherwise go

unnoticed during manual inspections.

By automating quality assessment, Al ensures objectivity, speed, and traceability in
monitoring processes. In turn, it helps reduce costly rework, enhances customer
satisfaction, and fosters trust between stakeholders. This convergence of automation and
assurance positions Al as a core element of next-generation quality management systems

1n construction.

Beyond operational improvements, Al integration presents transformative opportunities for

achieving sustainability and resilience goals across the construction sector. AI’s predictive
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capabilities enable the efficient use of materials, reduction of carbon emissions, and
optimisation of building energy performance (Zhang et al., 2021). Al-assisted simulations
can model and assess the environmental impact of materials, designs, and operational
processes, thus promoting compliance with green building certifications and supporting

SDG 11 (Sustainable Cities and Communities).

Al also accelerates climate-adaptive design by forecasting environmental stressors—
temperature, wind, humidity—and adjusting construction parameters accordingly. The
resulting buildings are not only energy-efficient but also climate-resilient, aligning with the

broader global agenda for sustainable urbanisation.

Integrating Al in construction is not solely a technological process—it is a cultural
transformation. As Chen and Ying (2022) note, Al adoption fosters a culture of continuous
learning and innovation, where organisations use data feedback loops to refine
performance. This shift promotes greater collaboration between engineers, data scientists,

and policymakers, accelerating innovation diffusion.

Moreover, the integration of Al aligns with the global momentum toward Industry 4.0 and
5.0, wherein digital twins, BIM, and cognitive automation converge to create an
interconnected and intelligent built environment. In such ecosystems, Al serves as the
central nervous system, orchestrating data flows across design, production, and

maintenance phases to achieve holistic lifecycle efficiency.
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The potential opportunities for integrating AI in the construction sector are
multidimensional—encompassing efficiency, safety, quality, sustainability, and innovation.
Al’s fusion of automation, predictive analytics, and data-driven decision-making is
propelling the industry toward a holistic transformation of practices and mindsets. By
empowering firms to anticipate challenges, optimise operations, and minimise
environmental footprints, Al aligns the construction sector with the principles of
sustainable development and resilient urbanisation. However, realising this potential
requires ongoing research into adoption barriers, ethical frameworks, and capacity-
building strategies, especially in developing economies like India, where digital literacy
and infrastructure readiness vary widely. As the industry continues to evolve, a deeper
understanding of AI-SDG interlinkages will be essential to ensure that technological
progress translates into measurable societal and environmental benefits. The convergence
of A1, sustainability, and human-centric design thus holds the key to constructing not only

smarter buildings but also a smarter, greener future.

5.3 Obstacles hinder the implementation of artificial intelligence in construction

Despite growing consensus that Al can lift productivity, strengthen safety, and accelerate
sustainability outcomes across the construction lifecycle, diffusion in India remains uneven
and slow. The barriers are multi-layered—economic and infrastructural, organisational and
cultural, regulatory and legal, ethical and governance-related, and critically, capability-
driven—and they interact in ways that compound adoption risk. Below, we synthesise these

obstacles and propose actionable pathways to enable responsible, at-scale Al integration.
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A first-order constraint is cost: high initial investments in software, sensors, data platforms,
and change management deter firms—especially SMEs—from piloting or scaling Al
These costs are magnified by uncertain/opaque ROI where benefits (e.g., avoided delays,
reduced rework) are hard to quantify ex-ante. In parallel, the sector’s decentralised, project-
specific data practices generate sparse, inconsistent, and low-trust datasets, undermining
model training and accuracy (Regona et al., 2022). Poor data retention and minimal
interoperability across contractors, subcontractors, and vendors further limit reuse and
learning effects, choking the very fuel on which Al systems depend (Regona et al., 2024).
Without credible data estates and measurement baselines, even well-chosen Al tools
underperform; the perceived “Al risk™ then reinforces reluctance to invest, creating a
negative adoption loop. Al challenges deeply embedded workflows, role identities, and
tacit practices on sites and in back offices. Scepticism toward model outputs, perceived
threats to jobs, and change fatigue in organisations already stretched by deadlines and cost
pressures dampen experimentation (Singh et al., 2023). Fragmentation across India’s
industry—dominated by many small contractors—means few actors possess the scale,
governance, and digital backbone needed to orchestrate multi-party data and Al efforts.
Even when point solutions prove value, diffusion stalls without senior sponsorship,

incentives, and cross-firm coordination mechanisms.

At the ecosystem level, policy ambiguity around data aggregation/sharing, hardware and
interface standards, and allocation of liability for Al-assisted decisions raises legal risk
(Regona et al., 2024). Supply chains face cybersecurity and trust concerns, while unclear

economic advantages slow procurement reform. Policy must both mitigate risk and enable
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innovation, including with regulatory mechanisms that legitimise data-driven practices
(Igbinenikaro & Adewusi, 2024). Beyond risk controls, Al can itself enhance policy—
through optimisation, decision support, and agent-based simulation to stress-test
sustainable development pathways (Milano et al., 2014). Yet India’s sustainable
construction context adds structural hurdles—prolonged project timelines, weak R&D
intensity, inconsistent code enforcement, and volatile availability of eco-materials—that
blunt AI’s sustainability impact unless tackled systemically (Debrah et al., 2022; Regona
et al., 2024). In the absence of clear standards and safe pathways (e.g., sandboxes), firms

rationally delay adoption despite headline potential on SDGs 7, 9, and 11.

Al deployment introduces privacy risks (e.g., site video analytics), security risks (cloud-
connected assets and digital twins), and fairness/opacity risks where black-box models
influence safety-critical decisions. These concerns are especially salient in Al-enabled
supply chains, where proprietary pricing, sourcing, and performance data must be shared
to unlock optimisation (Regona et al., 2024). Without explainability, auditability, and role-
clear accountability, practitioners remain wary. Ethical and security deficits erode trust and

heighten liability fears—stalling adoption even when tools are technically sound.

Realising AD’s benefits requires a T-shaped workforce that blends domain expertise
(construction management, MEP, HSE) with data/Al fluency (ML, CV, IoT, BIM interop).
Current gaps span both hard skills (data engineering, model lifecycle management) and
soft skills (change leadership, human-Al teaming) (Souza & Debs, 2023). Education and

targeted reskilling are pivotal to avoid two failure modes: tooling that is underused, and
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human roles displaced without mobility pathways (Ilbeigi & Chen, 2024). For developing
contexts, enabling intelligent autonomous systems requires complementary policies on
data collection standards, reference hardware stacks, skilled manpower pipelines, funding,
and startup ecosystems (Mir et al., 2020). Clear regulatory guardrails and a sustainable
innovation ecosystem are prerequisites for Al and robotics to flourish (Mir et al., 2020).
Without deliberate capability building and career pathways, Al is seen as a threat, not a

tool—inviting resistance and shallow pilots that fail to scale.

Empirical and review evidence shows Al can improve forecasting, streamline repetitive
tasks, and advance sustainability in planning, design, and supply chains (Regona et al.,
2022; Regona et al., 2024). It can also alleviate chronic sector problems—cost/time
overruns, safety incidents, and labour shortages (Abioye et al., 2021). The paradox is clear:
the very conditions that make Al valuable (complexity, fragmentation, risk) also make it
harder to adopt (Singh et al., 2023). Breaking this paradox requires coordinated, multi-
stakeholder interventions—incentives and standards from government, co-investment and

governance from industry, and evidence-building and training from academia.

AT’s promise—higher productivity, safer sites, lower emissions—remains compelling
across planning, design, and supply chains (Regona et al., 2022; 2024; Abioye et al., 2021).
Yet cost, data poverty, organisational inertia, policy gaps, ethics/cyber risks, and skill
shortages jointly suppress diffusion (Singh et al., 2023; Regona et al., 2024). In India,
overcoming these obstacles demands a whole-of-ecosystem strategy: standards and

sandboxes to reduce uncertainty; shared data and procurement reforms to improve
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economics; robust governance for privacy, security, and fairness; and capability pathways
that make Al a complement—not a threat—to the construction workforce (Souza & Debs,
2023; Ilbeigi & Chen, 2024; Mir et al., 2020). With these enablers in place, Al can more
credibly support SDGs 7, 9, and 11, move the sector from episodic pilots to durable
practice, and unlock measurable gains in delivery, safety, and sustainability (Debrah et al.,

2022; Regona et al., 2024; Milano et al., 2014; Igbinenikaro & Adewusi, 2024).

Chapter VI:

SUMMARY, IMPLICATIONS, AND RECOMMENDATIONS

6.1 Summary

The construction industry is a cornerstone of economic growth and sustainable
development, especially in emerging economies such as India. Despite its size and
contribution to GDP, the sector has been slow to adopt digital transformation. Persistent
issues—low productivity, safety risks, resource inefficiencies, and project delays—have
limited its growth potential. Artificial Intelligence (AI), however, represents a

transformative opportunity to reverse this trend. By leveraging machine learning, computer
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vision, and predictive analytics, Al can streamline project planning, enhance safety,

optimise resources, and reduce costs.

This study examines the role of Al in optimising sustainable construction processes within
the Indian context. It identifies current applications, explores future opportunities, and
analyses obstacles impeding Al’s integration. The research further connects Al with the
United Nations’ Sustainable Development Goals (SDGs), particularly SDGs 7 (Affordable
and Clean Energy), 9 (Industry, Innovation and Infrastructure), and 11 (Sustainable Cities

and Communities).

The central argument of this research is that Al, when strategically integrated, can catalyse
a sustainable transformation in the Indian construction sector. However, achieving this
potential requires addressing technological, regulatory, financial, and human-resource

barriers through coordinated policy, industry collaboration, and workforce reskilling.

The thesis is grounded in the understanding that India’s construction sector is at a critical
juncture. Rapid urbanisation, infrastructure expansion, and sustainability imperatives are
reshaping priorities. Yet digitalisation remains limited. The study therefore seeks to explore
how Al can enhance sustainability, productivity, and competitiveness while overcoming

structural inefficiencies.

The research addresses three main questions:

1. What are the current application areas for Al in the construction industry?

2. What potential opportunities exist for integrating Al in the sector?
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3. What obstacles hinder Al implementation in construction?

Through these questions, the research aims to assess the transformative impact of Al across
the project lifecycle—from design to operation—and to propose pathways for broader

adoption in India.

The literature reveals that construction contributes about 13 percent of global GDP but lags
behind other industries in digital adoption. Traditional practices, manual operations, and
fragmented supply chains make it one of the least automated sectors. AI’s potential to
enhance productivity by 50 to 60 percent and reduce global cost overruns by trillions of

dollars has drawn significant attention.

Sustainable construction focuses on minimising environmental impact, promoting social
inclusion, and achieving economic efficiency. In India, however, sustainability practices
often face barriers such as high upfront costs, limited awareness, and weak enforcement of
green regulations. Al can bridge these gaps through data-driven optimisation of resources,

predictive maintenance, and smarter design.

Al in construction encompasses a wide range of tools—machine learning, deep learning,
robotics, natural-language processing, and knowledge-based systems. These technologies
can perform tasks requiring human-like cognition such as pattern recognition, decision-
making, and adaptive learning. Examples include drones for site monitoring, generative
design software, autonomous machinery, and predictive analytics for scheduling and cost

estimation.
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Despite growing investment in Al (over USD 26 billion globally between 2014 and 2019),
its adoption in construction remains uneven. Challenges include data fragmentation, lack
of interoperability, limited skilled manpower, and resistance to change. The literature also
highlights a shortage of empirical studies linking Al adoption directly with sustainability

outcomes or the SDGs—revealing a clear research gap that this thesis addresses.

Al directly supports the SDGs by improving resource efficiency, reducing waste, and
enabling sustainable infrastructure. In the planning phase, Al tools optimise land use,
energy consumption, and climate-resilient design. During the design phase, generative
algorithms simulate multiple layouts to balance aesthetics, cost, and sustainability. In the
construction phase, predictive analytics and robotics reduce material waste and enhance
safety. Finally, during the operation and maintenance phase, Al enables predictive

maintenance, lowering lifecycle costs and carbon emissions.

By integrating Al across all these stages, the construction sector can transition from
reactive, fragmented processes to proactive, intelligent systems aligned with global

sustainability objectives.

Recent advancements such as the Construction Materials Intelligent Ecosystem (CMIE)
demonstrate how Al accelerates material innovation. Through machine learning and deep
learning, CMIE analyses massive datasets to design durable, energy-efficient, and
recyclable materials. Coupled with Industry 4.0 technologies—Internet of Things (IoT),
Building Information Modelling (BIM), and digital twins—AI enables smart construction

sites capable of real-time decision-making.
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These innovations promise enhanced safety, precision, and efficiency. Prefabrication, 3D
printing, and sensor-based monitoring further reduce waste, while Al-driven analytics
optimise logistics and resource allocation. Collectively, these shifts mark the beginning of

Construction 4.0 in India.

The thesis identifies multiple barriers to Al adoption in India’s construction sector:

1. Economic constraints: High initial investment and uncertain return on investment
discourage small and medium-sized enterprises.

2. Data limitations: Poor data management, inconsistent record-keeping, and lack of
digital standards hinder Al model training.

3. Skill gaps: Few professionals possess both construction knowledge and Al
expertise.

4. Organisational inertia: Many firms prioritise tangible assets over digital tools,
and leadership often underestimates Al’s strategic value.

5. Regulatory gaps: India lacks a clear framework for Al standardisation,
cybersecurity, and data governance in construction.

6. Ethical and social concerns: Job displacement, algorithmic bias, and data privacy

remain key worries among practitioners.

Overcoming these barriers requires collaboration between government, academia, and
industry; targeted training initiatives; financial incentives; and ethical guidelines for

responsible Al deployment.
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The study adopts an interpretivist paradigm using a mixed-methods design—combining
quantitative surveys and qualitative interviews to understand not only what professionals
think about Al but also why they think that way. The research draws upon Behavioural
Reasoning Theory (BRT), which examines “reasons for”” and “reasons against” adoption to

explain human decision-making.

106 survey participants and 12 interviewees—including engineers, architects, project
managers, and policy experts—from 14 states across India. Online surveys captured
perceptions of Al usefulness, risks, organisational support, and sustainability outcomes.

Semi-structured interviews explored contextual experiences, motivations, and barriers.

Quantitative data were summarised through descriptive statistics, while qualitative insights
underwent thematic analysis following Braun and Clarke’s six-phase framework. Themes
were then interpreted through the BRT lens to identify behavioural patterns and adoption

rationales.

Respondents were primarily mid-career professionals (31-40 years) working in both Tier
1 and Tier 2 cities. Younger participants showed greater enthusiasm for Al adoption, while
senior professionals were cautious due to cost and retraining concerns. Larger firms
experimented with Al tools, whereas SMEs struggled with affordability and technical

readiness.

Al is currently applied in Predictive analytics for project scheduling and cost estimation,

Robotics for repetitive tasks such as bricklaying and excavation, Computer vision for safety
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monitoring and defect detection, Generative design for sustainable architectural solutions,
Predictive maintenance using BIM and IoT data, Supply-chain optimisation through Al-
based forecasting. These applications collectively enhance productivity, safety, and

sustainability, though adoption remains fragmented and experimental.

The research identifies five major opportunity domains, Automating repetitive workflows
reduces delays and improves accuracy, Al predicts material needs, minimising waste and
improving profitability, Real-time monitoring and hazard prediction protect workers. Al
reduces carbon footprints through energy modelling and lifecycle assessments. Al enables
data-driven planning, improving strategic foresight and competitive advantage. Different
professional groups prioritised these opportunities differently—engineers focused on

efficiency, architects on sustainability, and executives on innovation.

The study’s third research question reveals a complex mix of financial, technical, and
socio-cultural challenges such as High costs and unclear ROI deter investment, Fear of job
loss and reluctance to upskill limit workforce engagement, Fragmented industry structures
and weak leadership slow digital transition, Poor data quality undermines Al reliability.
Legal uncertainty around accountability and data protection fuels mistrust. These findings
affirm that successful Al integration depends as much on human and organisational factors

as on technological readiness.

Four key themes emerged from qualitative analysis:
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1. Productivity and Efficiency as Motivators — Stakeholders adopt AI when it
demonstrably reduces delays and costs.

2. Tradition and Job Security as Sources of Resistance — Cultural attachment to
craftsmanship and fear of redundancy hinder change.

3. Complexity and Trust — Confidence in Al grows with exposure and training;
perceived complexity can deter usage.

4. Governance and Ethics — Transparency, accountability, and fairness determine

long-term acceptance.

These insights show that Al adoption in construction is not linear but a negotiation between

utilitarian benefits and value-based concerns.

The study situates its findings within a broader transformation trajectory. Over the next
five years, the construction industry is expected to evolve into a more product-oriented,
specialised, and sustainable ecosystem. Al will serve as the catalyst for this shift—enabling
predictive design, off-site manufacturing, and integrated value chains. However, sustained
progress depends on strengthening data infrastructure, standardising interoperability, and
cultivating trust among stakeholders. AI’s potential to contribute to sustainability is
particularly significant. It can optimise energy consumption, minimise waste, and ensure
compliance with environmental regulations. Yet the intersection of Al and sustainability
remains under-researched, underscoring the need for interdisciplinary collaboration among
engineers, data scientists, and policymakers. The research extends Behavioural Reasoning

Theory by contextualising it within technological adoption in the construction industry. It
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demonstrates how “reasons for” (efficiency, innovation, sustainability) and ‘“reasons
against” (cost, complexity, ethics) interact to shape adoption behaviour. The study also
bridges Al adoption theory with sustainable development frameworks, especially for

developing economies.

Firms should transition from ad-hoc experiments to strategic integration of Al within core
operations. Training programs must address the dual need for digital literacy and domain
expertise. Al should be embedded into green-building certification, lifecycle management,
and resource optimisation. Al-based systems can monitor compliance, reduce accidents,

and enhance public trust.

Policymakers must develop a national framework for Al in construction encompassing data
standards, interoperability, and cybersecurity. Public-private partnerships can drive
innovation diffusion, while ethical and legal governance should ensure transparency and
accountability. Incentives, tax benefits, and R&D funding would further accelerate

adoption.

Al will reshape employment patterns, creating demand for new roles in analytics,
automation, and digital design while displacing some traditional jobs. With inclusive
training, this transformation can lead to higher productivity, regional development, and
alignment with India’s sustainability goals. Trust in Al systems requires explainability,
human oversight, and data sovereignty. Ensuring fairness, protecting privacy, and

humanising digital transformation are essential to prevent socio-technical divides.
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The thesis concludes that Al is poised to redefine the Indian construction industry by
integrating sustainability, efficiency, and innovation. Its applications span the entire project
lifecycle—planning, design, execution, and maintenance—making construction more
intelligent, safe, and environmentally responsible. However, adoption remains constrained

by financial, regulatory, and cultural challenges that require strategic interventions.

The study emphasises that the success of Al in construction is not merely a technological
matter but a socio-technical transformation. Effective implementation will depend on
leadership vision, workforce preparedness, and ethical governance. The research advocates
for Construction 5.0—a human-centred, Al-empowered paradigm that harmonises
automation with sustainability and inclusivity. By illuminating both opportunities and
obstacles, this thesis contributes a holistic understanding of how Al can move the Indian
construction sector from blueprint to reality—towards a smarter, greener, and more

equitable future.

This study set out to examine the role of artificial intelligence (Al) in the construction
industry by addressing three interrelated research questions focusing on current
applications, future opportunities, and implementation barriers. Together, these inquiries
provide a holistic understanding of how Al is shaping construction practices and the factors

influencing its adoption.

The findings related to RQI indicate that Al is already being utilised across several
construction processes, with technologies such as machine learning, computer vision, and

natural language processing supporting activities including project planning, risk

117



assessment, quality control, and monitoring. These applications demonstrate that Al
adoption in construction is no longer conceptual but operational, contributing to improved

efficiency, accuracy, and decision-making across the project lifecycle.

In addressing RQ2, the study highlights substantial opportunities for deeper Al integration
in the construction sector. Emerging use cases such as predictive maintenance, autonomous
equipment operation, and advanced safety monitoring systems point to AI’s potential to
transform construction into a more proactive, data-driven, and resilient industry. These
opportunities suggest that Al can move beyond incremental process improvements to

enable strategic and systemic innovation.

However, insights from RQ3 underscore that the widespread adoption of Al in construction
remains constrained by several significant barriers. High initial investment costs, limited
availability of skilled professionals, and persistent concerns regarding data privacy and
governance continue to impede implementation. These challenges indicate that
technological readiness alone is insufficient and must be complemented by organisational,

regulatory, and human-capital readiness.

The study concludes that Al adoption in the construction industry is at a transitional stage—
characterised by proven applications, promising future potential, and enduring structural
constraints. Addressing these barriers through targeted policy interventions, workforce
upskilling, and ethical governance frameworks will be critical to realising the full benefits

of Al and ensuring its sustainable integration into construction practices.
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6.2 Implications

The study’s findings demonstrate that Artificial Intelligence (AI) represents both a
technological and socio-behavioural transformation for the Indian construction industry.
Its implications extend beyond efficiency and productivity to include sustainability,
workforce transformation, ethical governance, and institutional readiness. Using
Behavioural Reasoning Theory (BRT) as the interpretive lens, this chapter articulates the
theoretical, practical, and policy implications of the research, providing a roadmap for how
stakeholders — policymakers, industry leaders, and researchers — can harness Al’s
potential while mitigating associated risks.

6.2.1 Theoretical Implications

6.2.1.1 Extending Behavioural Reasoning Theory (BRT) to Technological Adoption

The integration of Behavioural Reasoning Theory (BRT) in this study extends its
traditional domain—from consumer decision-making and organisational behaviour—into
the complex landscape of technological adoption within industrial ecosystems. This
represents a significant theoretical expansion, as BRT, originally conceptualised to explain
the cognitive link between values, reasoning, and behavioural intentions, is now being used
to decode how individuals and organisations in the construction industry rationalise their
decisions to adopt or resist Artificial Intelligence (Al). By contextualising BRT within a
technologically dynamic yet socially sensitive sector like construction, this study bridges
behavioural psychology with digital transformation theory, thereby advancing a

multidimensional understanding of Al acceptance.
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Traditional models of technology adoption, such as the Technology Acceptance Model
(TAM), the Unified Theory of Acceptance and Use of Technology (UTAUT), and the
Diffusion of Innovations (DOI), tend to conceptualise adoption as a predominantly rational
process. They rely on constructs such as perceived usefulness, ease of use, or social
influence to explain why individuals or firms embrace innovation. While these frameworks
have yielded important insights, they often overlook the underlying motivations, fears, and
ethical considerations that shape such perceptions—factors that are especially salient in

contexts where technology directly affects livelihoods, cultural values, and human identity.

By contrast, BRT offers a more nuanced explanation by emphasising that behaviour is
driven by reasons for and reasons against an action, both of which are rooted in an
individual’s or organisation’s value system. In the context of Al adoption in construction,
this theory captures how utilitarian values (e.g., efficiency, productivity, and innovation)
coexist—and often conflict—with moral and protective values (e.g., fairness, job security,
and trust). The findings from this study reveal that Al adoption is not purely a rational-
economic act; rather, it is a value-mediated decision process shaped by competing
cognitive justifications. Stakeholders balance the promise of technological efficiency with
concerns over ethical implications, workforce displacement, and the perceived erosion of

human skill.

This tension demonstrates that technological reasoning is inherently pluralistic—driven by
both instrumental benefits and normative beliefs. The insight that “reasons for” Al adoption

(such as optimisation and innovation) compete with “reasons against” (such as ethical
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unease and job insecurity) validates BRT’s applicability to high-impact, ethically sensitive
innovations. The adoption decision, therefore, emerges not from cost-benefit logic alone
but from the negotiation between progress and protection, efficiency and empathy,

automation and autonomy.

While TAM and UTAUT have been instrumental in explaining adoption across numerous
technologies, they primarily focus on what drives intention—variables like utility or
usability—without adequately explaining why these perceptions form. BRT addresses this
theoretical gap by delving into the cognitive antecedents of those perceptions. It
acknowledges that the acceptance or resistance to technology is embedded within an

individual’s worldview, shaped by social norms, moral reasoning, and cultural narratives.

In developing economies like India, these factors are particularly pronounced. Here,
technology adoption is not only influenced by infrastructural readiness but also by
collective identity, social trust, and perceived moral legitimacy. Workers and managers
alike evaluate Al not merely as a tool but as a force that can reshape human relationships,
job hierarchies, and professional purpose. For instance, a project engineer might perceive
Al-enabled automation as a path to efficiency and sustainability, while a skilled labourer
might interpret it as a threat to job stability and craftsmanship. Both reactions stem from

deeply held values and lived experiences, not from mere rational assessment.

This dynamic confirms that BRT provides a behaviourally grounded alternative to the
mechanistic assumptions of earlier models. It captures the socio-cultural texture of

technological change—a dimension that is particularly vital in labour-intensive, tradition-
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bound sectors such as construction. By incorporating moral and protective reasoning into
the explanatory framework, BRT transcends the limits of value-neutral adoption theories

and aligns more closely with the human realities of digital transformation.

Extending BRT to the domain of Al adoption also introduces a moral architecture into the
study of technology. It situates technological choices within broader ethical and societal
contexts. In industries like construction, where Al applications affect safety, employment,
and sustainability, decisions about adoption are rarely detached from moral reflection.
Stakeholders often weigh the moral justification of using machines to replace human
labour or algorithms to make high-stakes safety decisions. The study’s findings reveal that
moral reasoning plays as crucial a role as economic efficiency in determining whether Al

1s embraced or resisted.

For instance, while organisational leaders may justify Al adoption as an ethical imperative
for sustainability—reducing waste, carbon emissions, and accidents—workers may view
it as a moral dilemma if it leads to the displacement of vulnerable labour groups. BRT
captures this divergence by recognising that each actor’s reasoning process is rooted in
different moral and utilitarian priorities. This pluralism underscores that sustainable
technology adoption requires ethical coherence across the ecosystem: when technological

advancement is pursued without aligning with social values, resistance becomes inevitable.

The extension of BRT also enables the inclusion of cultural reasoning as a mediating factor
in Al adoption. In collectivist societies like India, decision-making is often influenced by

social validation and community norms rather than individual preference alone.
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Consequently, resistance to Al may not simply be a function of personal scepticism but a
reflection of collective anxiety about technological displacement or erosion of traditional
craftsmanship. In such contexts, reasoning processes are embedded in shared cultural
narratives—for example, those celebrating human skill, interdependence, or spiritual

balance with technology.

By incorporating these cultural dimensions, the study positions BRT as a cross-cultural
framework capable of explaining technology adoption in diverse socio-economic
landscapes. It redefines “rationality” not as universal logic but as a contextual construct,

shaped by moral, emotional, and societal reasoning.

The findings ultimately position BRT as a more comprehensive paradigm for studying Al
adoption—especially in high-impact sectors where technological and ethical concerns
intersect. By revealing that adoption intentions are filtered through utilitarian, protective,
and moral values, the theory provides a behavioural foundation for understanding how

technology diffuses in socially heterogeneous environments.

In developing economies, where infrastructural limitations coexist with cultural diversity
and ethical sensitivity, BRT offers a lens to study the psychology of innovation. It
demonstrates that technology acceptance is not a uniform phenomenon but a spectrum of
reasoning processes influenced by context, identity, and collective meaning. This
perspective has profound implications for both research and policy: it calls for adoption
strategies that engage not only economic incentives but also moral dialogues, trust-

building, and value alignment.

123



By extending Behavioural Reasoning Theory into the technological domain, this study
contributes a richer understanding of how human cognition, values, and context shape
digital transformation. It challenges the assumption that adoption is a neutral or purely
economic act and reaffirms that innovation is deeply human—mediated by beliefs, fears,
and aspirations. In doing so, the research advances a behavioural perspective on Al
acceptance in developing economies, offering a foundation for future theories that bridge

technology, culture, and ethics.

Ultimately, BRT’s expansion beyond consumer behaviour into the realm of technological
adoption signals a crucial evolution in understanding how societies negotiate change—one

where reasoning, not just rationality, determines the trajectory of digital transformation.

6.2.1.2 Bridging Al Adoption and Sustainable Development Frameworks

The integration of Artificial Intelligence (Al) into the construction industry represents more
than a technological evolution—it marks a paradigmatic shift toward achieving sustainable
development. By aligning Al adoption with the United Nations Sustainable Development
Goals (SDGs), particularly SDG 7 (Affordable and Clean Energy), SDG 9 (Industry,
Innovation and Infrastructure), SDG 11 (Sustainable Cities and Communities), and SDG
13 (Climate Action), this study establishes a cross-theoretical bridge that connects
behavioural reasoning with sustainability-oriented frameworks. This linkage underscores
that the decision to adopt Al is not merely a managerial or operational choice but a
developmental act—one that redefines how organisations perceive their role in the global

sustainability agenda.
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The construction sector is both an engine of economic growth and a significant contributor
to environmental degradation. It consumes vast natural resources and produces nearly 40
percent of global carbon emissions. Against this backdrop, Al serves as a strategic enabler
that can transform construction practices into more efficient, resilient, and environmentally
responsible systems. However, the success of Al in driving this transformation depends not
only on the availability of technology but also on the behavioural and ethical motivations
of industry actors. This is where Behavioural Reasoning Theory (BRT) becomes
instrumental—it explains how “reasons for” and “reasons against” Al adoption shape
organisational decision-making in alignment (or misalignment) with sustainability

principles.

Through this behavioural lens, the study recognises that organisational adoption of Al in
construction is guided by two interdependent rationalities: utilitarian reasoning (focused
on efficiency, profitability, and innovation) and moral reasoning (centred on ethics,
environmental stewardship, and social responsibility). The intersection of these
rationalities defines whether Al becomes a genuine catalyst for sustainable development or
merely a tool for operational optimisation. Firms are more likely to embrace sustainable Al
integration when both moral and utilitarian justifications converge—when sustainability is
seen not only as a moral imperative but also as a strategic advantage that enhances

competitiveness, brand reputation, and long-term viability.

This synthesis between behavioural reasoning and sustainability offers a new explanatory

model for understanding technology adoption in high-impact sectors such as construction.
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Traditional technology acceptance models—Ilike TAM, UTAUT, or DOI—tend to focus on
perceived usefulness, ease of use, or innovation diffusion patterns. While valuable, these
frameworks often overlook the ethical and developmental dimensions of technology
adoption. By contrast, the behavioural reasoning perspective situates adoption within a
broader socio-technical ecosystem, acknowledging that organisational behaviour is
influenced by values, beliefs, and social norms that extend beyond immediate utility. Thus,
Al adoption becomes a moral-technical act—one that reflects the organisation’s stance on

climate responsibility, inclusivity, and sustainable growth.

In operational terms, aligning Al with the SDGs allows construction firms to translate
global sustainability objectives into measurable, technology-enabled practices. For
instance, under SDG 7, Al can optimise energy efficiency in buildings through predictive
energy modelling and automated controls. Under SDG 9, Al-driven innovation enhances
industrial productivity and infrastructure resilience by automating design, monitoring
structural integrity, and improving material utilisation. SDG 11 benefits through smart-city
applications, where Al enables efficient waste management, traffic regulation, and disaster
resilience planning. Finally, SDG 13—Climate Action—is advanced through AI’s
capability to monitor emissions, simulate environmental impacts, and promote adaptive
construction methods that reduce carbon footprints. These alignments demonstrate that Al
is not a standalone technological innovation but a cross-cutting enabler that operationalises

sustainable development within an industry historically resistant to digital transformation.
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However, bridging Al adoption with sustainability frameworks also requires rethinking the
organisational mindset. Many firms still perceive sustainability as a compliance-driven or
cost-centric domain, disconnected from their core business strategy. This perception
perpetuates a “reactive sustainability” model, where environmental and social initiatives
are pursued to satisfy regulatory or reputational demands rather than intrinsic commitment.
The behavioural reasoning approach challenges this mindset by emphasising the role of
cognitive justifications—how leaders interpret sustainability in moral and instrumental
terms. When sustainability is internalised as both a value and a source of innovation, Al
adoption transitions from an optional enhancement to a necessary evolution. It transforms
construction firms into active participants in the global sustainability ecosystem, bridging

micro-level decisions with macro-level developmental goals.

The fusion of Al and sustainability also reshapes how we understand organisational
performance. Traditional metrics—cost reduction, productivity gains, and project
timelines—are being complemented by green performance indicators such as carbon
reduction, waste minimisation, and resource efficiency. Al facilitates the quantification of
these indicators by enabling real-time monitoring and predictive analysis. For example, Al-
based life-cycle assessment tools can estimate the embodied carbon of materials before
construction begins, allowing firms to make eco-conscious design choices. Such
applications demonstrate how digital intelligence can support responsible innovation,
aligning the construction industry with ethical imperatives of intergenerational equity and

environmental stewardship.

127



Furthermore, this integration offers a strategic opportunity for developing economies like
India. By embedding AI into construction value chains, India can leapfrog traditional
industrial models and transition directly into a sustainable digital economy. This requires
multi-level collaboration—between government (policy and incentives), industry
(implementation and scaling), and academia (research and capacity building). The
behavioural reasoning perspective enriches this collaboration by explaining not only how
stakeholders make adoption decisions but also why alignment with sustainability enhances

long-term resilience and legitimacy.

Bridging AT adoption and sustainable development creates a mutually reinforcing loop. Al
provides the tools and intelligence necessary to achieve sustainability goals, while
sustainability frameworks provide the normative guidance that ensures Al’s ethical and
equitable deployment. Together, they generate a pathway toward Construction 5.0—a
future defined by human-machine collaboration, low-carbon operations, and social
inclusivity. This synergy ultimately reframes the construction industry from being a
resource-intensive domain to a knowledge-driven ecosystem that prioritises environmental

harmony and societal wellbeing.

The integration of behavioural reasoning with sustainability frameworks offers a
transformative lens through which Al adoption in construction can be understood and
accelerated. It situates technological innovation within the moral economy of
sustainability, ensuring that decisions are driven not only by efficiency gains but also by

ethical purpose. Sustainable construction, therefore, will only be fully realised when
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organisations perceive Al not merely as a digital tool but as a vehicle for ethical progress
and developmental transformation. When the utilitarian pursuit of performance aligns with
the moral pursuit of planetary wellbeing, Al becomes the bridge—Ilinking innovation with

responsibility, and progress with preservation.

6.2.1.3 Contextualising Al Theories for the Global South

The discourse on Artificial Intelligence (Al) adoption and digital transformation has been
largely shaped by the experiences of developed economies in North America, Europe, and
East Asia. The theoretical frameworks that dominate this field—such as the Technology
Acceptance Model (TAM), Unified Theory of Acceptance and Use of Technology
(UTAUT), Diffusion of Innovations (DOI), and even Behavioural Reasoning Theory
(BRT)—are grounded in contexts where technological infrastructure, institutional
governance, and socio-economic readiness are already mature. While these models have
provided valuable insights into how individuals and organisations adopt emerging
technologies, they often fail to capture the unique challenges, asymmetries, and adaptive

behaviours prevalent in the Global South.

This study therefore contributes to contextual theory-building by developing an India-
centric understanding of Al adoption—one that situates digital transformation within the
structural realities of developing economies. The construction sector in India, as in many
parts of the Global South, operates within conditions of market fragmentation, resource

scarcity, informality, and institutional inertia. These characteristics necessitate a departure
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from universalist models toward context-sensitive frameworks that recognise the diversity

of technological trajectories and socio-economic constraints shaping Al integration.

Most mainstream theories assume the presence of stable digital ecosystems, predictable
regulatory environments, and well-structured supply chains—conditions that are far from
universal. In developed economies, Al adoption often follows a linear trajectory:
investment in technology leads to efficiency gains, which in turn drive competitiveness and
innovation. However, in the Global South, these linkages are nonlinear and contingent on
a complex interplay of infrastructure deficits, policy uncertainties, and human capital

constraints.

For instance, the assumption that users and firms possess digital literacy or reliable data
infrastructure does not hold in many developing contexts. Moreover, the cost of Al
deployment—both financial and organisational—is disproportionately higher when
compared to per capita income and firm size. Consequently, Al adoption in such
environments is not only a technological decision but also a socio-political negotiation
shaped by state support, international aid, and local entrepreneurial improvisation. This
reality calls for decolonising technology theories—that is, reimagining them through the

lived realities, aspirations, and developmental priorities of the Global South.

India presents a particularly illuminating case. As one of the fastest-growing economies
and the world’s largest construction market after China, India faces the dual challenge of
achieving industrial growth while ensuring environmental sustainability. Yet, despite its

global leadership in digital services, the country’s construction sector remains digitally
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underdeveloped, characterised by low formalisation, manual labour dominance, and

limited data integration across the value chain.

Al adoption in this context is influenced by multiple structural and institutional constraints
like fragmented markets, the dominance of small and medium enterprises (SMEs) leads to
inconsistent adoption levels, as smaller firms often lack capital, skills, and risk tolerance.
Resource scarcity, limited access to affordable Al tools, cloud infrastructure, and skilled
personnel constrains scalability. Institutional inertia, slow bureaucratic processes,
overlapping regulations, and inconsistent standards discourage innovation. socio-cultural
readiness, deeply rooted hierarchies, resistance to automation due to job security fears, and

low trust in digital systems hinder behavioural acceptance.

These contextual barriers mean that Al adoption cannot be studied or theorised solely
through Western frameworks that presume organisational homogeneity or systemic
readiness. Instead, an India-centric model must integrate local realities—including
informal knowledge systems, public-private partnerships, and the role of state policy in

driving digital inclusion.

This study proposes that any meaningful model of Al adoption in developing economies

must be tri-dimensional, incorporating structural, behavioural, and institutional dynamics.

1. Structural Dynamics: These refer to the physical and economic infrastructure that
enables or constrains digital adoption—such as broadband access, data storage

capacity, interoperability standards, and access to affordable hardware. In India,
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despite the government’s digitalisation initiatives, many regions still suffer from
infrastructural asymmetries, which in turn shape the uneven distribution of Al
capabilities.

Behavioural Dynamics: Rooted in Behavioural Reasoning Theory, these dynamics
explain how cognitive and emotional factors—trust, perceived control, ethical
reasoning, and cultural values—shape decision-making in Al adoption. In the
Global South, behavioural drivers are often intertwined with collective rather than
individual reasoning. Organisational adoption may thus depend as much on social
legitimacy and peer emulation as on rational cost-benefit analysis.

Institutional Dynamics: These encompass formal and informal rules, policy
incentives, and governance mechanisms that influence Al diffusion. In India,
proactive government programmes like Digital India and National Al Mission
provide a scaffold for digital transformation, yet gaps persist in regulatory clarity,
cybersecurity standards, and ethical oversight. Local institutions thus play a dual

role: as enablers of innovation and as potential bottlenecks to agility.

By incorporating these three dimensions, this study outlines a context-sensitive model

of Al adoption that situates technological change within the socio-political and

economic realities of the Global South. Such a framework transcends the linear,

deterministic assumptions of Western models and acknowledges that digital

transformation in developing economies is often adaptive, iterative, and contextually

negotiated rather than universally replicable.
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Contextualising Al adoption also entails challenging the epistemic dominance of
Western-centric narratives that equate technological advancement with progress. For
many developing economies, the pursuit of Al is not merely about automation or
efficiency—it is about empowerment, inclusion, and resilience. Theories must
therefore recognise that AI’s role in the Global South extends beyond firm-level
productivity to national development objectives, such as reducing poverty, enhancing

public services, and achieving climate adaptation.

India’s construction sector illustrates this shift vividly. Al applications here are often
designed not to replace labour but to augment human capacity, improve safety, and
reduce material waste—objectives that align directly with the Sustainable
Development Goals. This human-centric framing challenges the traditional narrative of
Al as a job-displacing force and reframes it as a developmental enabler tailored to local

socio-economic conditions.

Ultimately, contextualising Al theories for the Global South means constructing
frameworks that are inclusive, plural, and evolutionary. They must account for

heterogeneity in:

e SKkill ecosystems (from informal workers to knowledge engineers),
e Policy frameworks (from centralised to federal governance), and

e Cultural attitudes toward innovation and automation.
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By embedding these elements, theory becomes not just descriptive but emancipatory—
reflecting how nations like India negotiate global technological paradigms while asserting

their developmental autonomy.

This contextual reframing enriches both academic scholarship and policy discourse. It
provides a blueprint for emerging economies to design Al adoption strategies that are
locally grounded yet globally competitive. Moreover, it emphasises that the success of
digital transformation in the Global South cannot be measured solely by technological
diffusion rates but by its contribution to inclusive growth, equitable access, and sustainable

development.

Al adoption in developing economies must be theorised as a contextual, adaptive, and
socio-technical process. By situating technology within the lived realities of the Global
South, this study moves beyond universalist assumptions to offer an indigenous lens on
digital transformation—one that recognises diversity as strength and localisation as a

precondition for sustainable innovation.

6.3 Practical Implications for Industry

6.3.1 Rethinking Organisational Strategy: From Experimentation to Integration

The empirical evidence indicates that most Indian construction firms remain in an
experimental phase of Al deployment — primarily using pilot applications for scheduling,

design optimisation, or safety monitoring. For Al to yield systemic benefits, organisations
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must transition from sporadic adoption to strategic integration.

This involves three practical actions:

1. Embedding Al into Core Project Lifecycles: Al should not be treated as an auxiliary
tool but integrated into every phase — planning, design, execution, and
maintenance — through data-driven decision pipelines.

2. Establishing Internal Data Infrastructure: Reliable data is the substrate of Al. Firms
must invest in digitising site records, developing unified data management systems,
and fostering interoperability across departments.

3. Creating Cross-Functional Al Teams: The gap between construction engineers and
data scientists revealed by respondents highlights the need for hybrid teams capable

of translating operational problems into algorithmic solutions.

By institutionalising these mechanisms, firms can move from reactive experimentation to
adaptive intelligence systems, enhancing project predictability, cost control, and

environmental performance.

6.3.2 Workforce Transformation and Human Capital Development

The study uncovered pervasive fears of job loss and reluctance to upskill among mid- and
senior-level professionals. However, it also identified that perceived complexity and fear
can be transformed into confidence through structured exposure. Thus, the most critical

practical implication concerns re-skilling and up-skilling strategies:
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o Al Literacy for All Levels: Training should extend beyond coders or data analysts.
Site supervisors, project managers, and architects must develop functional literacy
in Al-assisted decision tools.

o Blended Learning Models: Combining hands-on workshops, simulation exercises,
and virtual modules can make Al learning contextual and continuous.

e Al-Human Collaboration Models: Rather than replacing jobs, Al should be
reframed as an augmentation tool — enabling humans to focus on judgment, ethics,

and creativity while machines handle repetitive tasks.

By repositioning Al as co-worker rather than competitor, organisations can nurture an

innovation-positive culture and mitigate psychological resistance.

6.3.3 Enhancing Sustainability through Al-Driven Decision Support

ATD’s capacity to model energy consumption, simulate material life cycles, and predict
carbon emissions positions it as a key enabler of sustainable construction. The implication
for practitioners is to develop Al-embedded sustainability dashboards that integrate real-

time data from IoT sensors, BIM, and environmental models.

Such systems can:

e Optimise energy and water use during project execution.
e Predict and mitigate carbon hotspots in material sourcing.
e Support Lifecycle Cost Analysis (LCA) for green certifications (e.g., GRIHA,

LEED).
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By operationalising sustainability metrics within Al platforms, construction companies can

transform regulatory compliance into data-driven environmental stewardship.

6.3.4 Managing Risk and Safety

With construction being one of the most accident-prone sectors, the findings underscore
the transformative potential of Al in predictive safety management. Al-based computer
vision, wearable sensors, and real-time hazard analytics can reduce site accidents by
identifying unsafe patterns before they escalate. However, firms must also build risk-
governance protocols that specify data accountability, system validation, and response
hierarchies. The implication is clear: Al will not automatically make sites safer unless

embedded within a culture of safety governance supported by policy and human oversight.

6.4 Policy Implications

6.4.1 Developing a National Framework for Al in Construction

The lack of a cohesive regulatory ecosystem was identified as one of the strongest “reasons
against” adoption. To address this, policymakers should create a National Framework for
Al in Construction under the joint stewardship of the Ministry of Housing and Urban

Affairs (MoHUA), NITI Aayog, and BIS (Bureau of Indian Standards). Such a framework

should:

o Define data standards for interoperability across BIM, IoT, and Al systems.
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o Establish ethical and safety guidelines for algorithmic decision-making in
construction.

e Create Al readiness indices for construction firms, benchmarking digital maturity
and sustainability outcomes.

e Provide fiscal incentives (tax rebates, R&D credits) for sustainable Al adoption.

This policy ecosystem would convert fragmented experimentation into structured

innovation, positioning India as a leader in Al-enabled green infrastructure.

6.4.2 Public-Private Partnerships (PPPs) for Innovation Diffusion

Given the high cost and perceived risk of Al integration, PPPs can act as catalytic
mechanisms for technology diffusion. Government agencies could collaborate with
academic institutions and tech firms to establish AI Construction Innovation Hubs that

offer:

o Shared data repositories and open-source algorithms.
o Pilot testing grounds for SMEs.

o Funding for start-ups specialising in construction Al applications.

Such partnerships democratise access to innovation, ensuring that digital transformation is
not limited to large corporations but permeates across SMEs and Tier-2 cities, aligning with

India’s inclusive growth objectives.

6.4.3 Ethical and Legal Governance
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Al’s capacity to make autonomous or semi-autonomous decisions in high-risk
environments such as construction sites demands ethical safeguards. Policymakers must
institutionalise Algorithmic Accountability in Infrastructure Projects, mandating Audit
trails for Al-based project management tools. Explainability clauses that ensure decision
transparency. Data privacy and cybersecurity norms aligned with the Digital Personal Data
Protection Act (DPDP), 2023. Liability frameworks specifying accountability in case of

algorithmic failure or safety breaches.

Ethical Al governance would transform trust — currently a barrier — into a driver of

adoption, reinforcing moral reasoning within the BRT model.

6.5 Socio-Economic Implications

6.5.1 Employment and Labour Market Evolution

Although automation raises concerns about job displacement, the research indicates a
qualitative shift rather than quantitative loss in employment. Al creates demand for new
skill categories — data engineers, digital surveyors, algorithm auditors, and sustainability
modellers. Policymakers and industry associations must therefore integrate Al
competencies into technical education curricula (ITI, polytechnics, engineering colleges).
Launch “Re-skill India for Construction 4.0” initiatives focusing on mid-career
professionals. Promote inclusive digital transformation, ensuring that women and

marginalised groups access training and employment in Al-augmented construction roles.
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In doing so, Al adoption can serve as a vector for social equity and gender inclusion, rather

than exclusion.

6.5.2 Regional Development and Urban Equity

The geographic disparity between Tier-1 and Tier-2 cities found in the survey suggests
uneven access to Al tools. National urban development policies, such as AMRUT 2.0 and
Smart Cities Mission, should incorporate regional Al capacity-building by supporting
digital infrastructure in emerging urban centres. By fostering Al readiness across regions,
India can avoid a digital divide in sustainable construction, ensuring balanced urbanisation

and equitable growth.

6.5.3 Contribution to National Sustainability Goals

At the macroeconomic level, Al adoption can reduce India’s construction-related CO-
emissions and material waste, aligning with national commitments under the Paris
Agreement and India’s Net-Zero 2070 target. Widespread Al integration in building design,
energy modelling, and smart maintenance could cut carbon emissions by up to 30% by
2035. Therefore, the study’s implications extend to national environmental policy,

positioning Al as a strategic tool for decarbonisation and green infrastructure planning.

6.6 Ethical and Governance Implications

6.6.1 Building Trust in Al Systems
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Behavioural Reasoning Theory highlights that trust deficits and perceived opacity often
become “reasons against” adoption. To counter this, both firms and policymakers must

embed trust-building mechanisms at multiple levels:

e Transparency in Algorithms: Make model assumptions, data sources, and
limitations explicit.

o Participatory Design: Involve engineers, architects, and labour representatives in
algorithmic design and validation.

o Ethical Auditing: Establish independent ethics committees to oversee Al use in

public projects.

Transparent, participatory governance will strengthen moral reasoning and legitimise Al as

a trusted partner in sustainable development.

6.6.2 Data Sovereignty and Cybersecurity

With project data increasingly hosted on cloud platforms, data sovereignty becomes a
strategic concern. Policies should mandate that critical infrastructure data — especially
those relating to national assets — be stored on domestic, compliant servers. Firms must
also adopt zero-trust cybersecurity architectures, encrypting site data and employing multi-
factor authentication for remote access. These measures will safeguard intellectual property

and prevent cyber-sabotage in a sector integral to national security.

6.6.3 Ethical Design and Human-Centric Al
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Al systems in construction must align with the ethical principles of beneficence, non-
maleficence, autonomy, and justice. Design frameworks should prioritise human welfare,
ensuring that automation enhances rather than diminishes worker safety and dignity.
For example, predictive safety systems should be deployed not to penalise workers but to
prevent accidents and provide early warnings. Human-in-the-loop (HITL) mechanisms
should remain mandatory for high-impact decision systems, preserving accountability and

empathy within machine-mediated processes.

6.7 Research and Academic Implications

6.7.1 Empirical Contributions

This study pioneers a mixed-method interpretivist approach to understanding Al adoption
in the Indian construction industry, blending quantitative pattern recognition with

qualitative narrative depth. Future research can extend this approach through:

o Structural Equation Modelling (SEM) to empirically test relationships among BRT
constructs.

o Longitudinal case studies tracking Al adoption trajectories in specific firms.

o Comparative cross-country analyses contrasting India with other Global South

contexts (e.g., Indonesia, Brazil).

Such research will refine our understanding of cultural and institutional variables

influencing digital transformation.
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6.7.2 Expanding Interdisciplinary Frontiers

The convergence of Al, sustainability, and behavioural theory calls for interdisciplinary
scholarship connecting computer science, management, environmental policy, and
sociology. Universities should promote joint programmes — Al and Sustainable
Infrastructure Management — to prepare scholars capable of navigating the ethical and

technical complexities of Construction 4.0.

6.7.3 Advancing the Concept of Responsible Al

The study reinforces the academic discourse on Responsible Al (RAI) — the integration
of ethical foresight, inclusivity, and accountability into Al systems. Researchers should
focus on developing Al Ethics Indices tailored for construction, measuring fairness, bias
mitigation, and environmental impact. These indices can evolve into decision-support tools

guiding policymakers and investors in evaluating Al projects.
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CHAPTER VII:

CONCLUSION

7.1 Overview

The construction industry stands at the intersection of economic progress and
environmental responsibility. In the Indian context—where rapid urbanisation, population
growth, and climate challenges converge—the integration of Artificial Intelligence (AI)
within sustainable construction represents both an opportunity and an imperative. This
research, sought to explore how Al technologies can drive the sector toward enhanced

efficiency, productivity, and environmental stewardship.

Drawing on a mixed-method interpretivist approach and guided by Behavioural Reasoning
Theory (BRT), the study provided a comprehensive understanding of how construction
professionals perceive, adopt, and rationalise Al technologies. It also revealed the
cognitive, ethical, and systemic factors shaping these decisions. This concluding chapter
synthesises the entire research process, summarises major findings, discusses theoretical
and practical contributions, reflects on the study’s limitations, and outlines pathways for

future research and policy action.

7.2 Research Objectives and Questions
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The study was framed around three central research objectives and corresponding research

questions:

1. ROI1: To assess the current use of specific Al technologies—such as machine
learning, computer vision, and natural language processing—within the
construction industry in India.

2. RO2: To identify potential opportunities for increased Al integration across
different construction phases and its contribution to sustainability.

3. RO3: To examine the barriers and challenges hindering the widespread adoption of

Al in the construction sector.

Through surveys and semi-structured interviews with engineers, architects, project
managers, policymakers, and technology vendors, the study illuminated the dynamics of
Al adoption as an interplay between technological potential and human reasoning. The
findings demonstrated that Al adoption is driven by a constellation of factors—efficiency,
sustainability, safety, and innovation—yet constrained by economic costs, organisational

inertia, skill gaps, and ethical uncertainties.

7.3 Key Findings

7.3.1 The Transformative Role of Al in Construction

Al emerged as a multi-functional enabler across the construction value chain—from design
and planning to execution, monitoring, and maintenance. The study found that early

adopters use Al for project scheduling, risk assessment, material optimisation, and design
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automation. Machine learning algorithms predict delays and cost overruns; computer
vision enhances site safety through surveillance and object recognition; and natural

language processing assists in documentation and compliance tracking.

These applications collectively demonstrate that Al has evolved from a conceptual tool into
an operational asset capable of redefining performance standards. Yet, the transition from
experimental to enterprise-level adoption remains gradual. The industry’s challenge lies
not in proving AI’s utility but in scaling and institutionalising its use through leadership

commitment and data-driven cultures.

7.3.2 Sustainable Development as a Core Outcome

A significant finding is AI’s contribution to sustainability and alignment with the United
Nations Sustainable Development Goals (SDGs)—particularly SDGs 7, 9, 11, and 13. Al-
driven analytics enable efficient energy management, waste minimisation, and lifecycle
assessment of materials, while supporting the creation of green buildings and smart cities.
In the long run, Al can reduce carbon emissions, improve water efficiency, and foster

climate-resilient urban infrastructures.

However, the study also revealed that sustainability is often treated as a by-product rather
than an embedded priority in most firms’ digital strategies. AI’s full potential for green
transformation will only be realised when environmental metrics are explicitly integrated

into project KPIs, tendering processes, and regulatory frameworks.

7.3.3 Barriers to Adoption: Economic, Organisational, and Ethical Dimensions
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Despite the recognised potential, widespread Al integration faces formidable barriers. High
initial investment, uncertain ROI, and lack of fiscal incentives deter especially small and
medium enterprises (SMEs). Fragmented industry structures, leadership scepticism, and
lack of standardised data hinder technological scaling. Fear of job displacement, resistance
to change, and limited technical literacy among senior professionals slow adoption.
Concerns over data privacy, accountability in AI decision-making, and potential

algorithmic bias remain unresolved.

These barriers underscore that technological advancement must be accompanied by
institutional reform and capacity building. Al adoption in construction is not just a question

of capability, but also of culture, confidence, and conscience.

7.4 The Behavioural Reasoning Perspective

Behavioural Reasoning Theory provided a powerful analytical framework to understand

why individuals and organisations decide for or against Al adoption.

7.4.1 Reasons For Adoption

o Instrumental reasoning: Efficiency gains, cost reduction, and safety improvements
motivated adoption.
e Values-based reasoning: Alignment with sustainability goals and ESG frameworks

reinforced ethical commitment.
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o Experiential reasoning: Successful pilot projects strengthened belief in Al’s

credibility and practical value.

7.4.2 Reasons Against Adoption

e Protective reasoning: Job insecurity and fear of redundancy fostered emotional
resistance.

o Normative reasoning: Concerns over fairness, transparency, and accountability
questioned the morality of Al-driven decisions.

e Tradition-based reasoning: Cultural attachment to manual craftsmanship and

human control generated scepticism toward automation.

The study demonstrated that adoption behaviour is not binary but dialectical—shaped by
constant negotiation between efficiency-oriented optimism and value-based caution. This
reinforces BRT’s core proposition that reasons mediate the relationship between values
and behavioural intentions, providing a richer explanation than technology acceptance

models that overlook contextual and moral dimensions.

7.5 The Indian Context: Challenges and Opportunities

India’s construction industry represents a paradoxical space—immense growth potential
coupled with systemic inefficiencies. The study found that the country’s unique
combination of rapid urbanisation, cost-sensitive markets, and diverse workforce makes Al

adoption both necessary and complex.
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7.5.1 Policy and Regulatory Readiness

While India has introduced green building certifications such as LEED India and GRIHA,
Al-specific regulations remain nascent. The absence of national standards for Al
interoperability, data governance, and ethics has created uncertainty among stakeholders.
This underscores the need for a National Al Construction Framework that integrates policy,

technology, and sustainability imperatives.

7.5.2 Socio-Economic Inclusion

The findings also highlight a regional and socio-economic divide. Tier-1 cities like Delhi,
Mumbai, and Bangalore show higher AI maturity, while Tier-2 and Tier-3 cities lag due to
inadequate infrastructure and digital literacy. Furthermore, gender diversity in the
construction sector remains low. Al if leveraged inclusively, can democratise opportunities
by reducing physical labour dependency and enabling flexible, data-driven roles for

women and underrepresented groups.

7.5.3 Skill and Education Ecosystem

The skill gap—where engineers understand construction but not algorithms, and data
scientists understand code but not materials—is one of the industry’s most urgent

bottlenecks. Academic curricula and professional training must evolve to create
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interdisciplinary competence at the intersection of civil engineering, computer science, and

sustainability management.

7.6 Theoretical and Empirical Contributions

7.6.1 Advancing Al and Sustainability Scholarship

This research contributes to academic discourse by establishing that Al is not merely a
digital tool but a socio-technical system influencing human values, decision-making, and
organisational culture. It empirically validates that sustainability outcomes are contingent

upon behavioural acceptance—a linkage underexplored in extant literature.

7.6.2 Contribution to Behavioural Reasoning Theory

By operationalising BRT in a construction technology context, the study expands the
theory’s empirical reach. It demonstrates that reasoning processes differ across
professional roles — engineers rationalise Al through productivity, architects through
creativity, and policymakers through compliance. This role-based differentiation enriches
behavioural theory by illustrating that contextual reasoning structures determine adoption

trajectories.

7.6.3 Methodological Contribution

The mixed-method interpretivist design—combining survey statistics with qualitative
narratives—proved instrumental in capturing both the breadth of adoption patterns and the

depth of lived experiences. This duality advances methodological practice in management
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and engineering research by demonstrating the value of integrated quantitative-qualitative

frameworks in understanding complex, human-technology interactions.

7.7 Practical and Policy Contributions

7.7.1 For Industry Practitioners

The findings recommend a three-tiered roadmap for firms. Digitise, build internal data
infrastructures and train teams for digital literacy. Integrate, embed Al tools across lifecycle
stages to improve safety, scheduling, and sustainability. Institutionalise, foster governance

mechanisms ensuring transparency, accountability, and ethical Al practices.

By embedding these principles, construction firms can achieve both competitive and
environmental advantages, transforming Al from an innovation experiment into a strategic

necessity.

7.7.2 For Policymakers

Policymakers must transition from isolated sustainability policies to integrated Al
governance ecosystems. Incentive schemes for R&D, tax credits for Al deployment, and
skill development missions for Construction 4.0 can accelerate diffusion. National
programmes such as Make in India and Digital India should explicitly include Al-driven

construction as a pillar of infrastructure development.

7.7.3 For Educational Institutions
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Academic institutions must lead in creating cross-disciplinary curricula combining
construction management, data analytics, and ethics. Collaborations between IITs, NITs,
and Al research centres could institutionalise knowledge transfer, while vocational
programmes under the National Skill Development Corporation (NSDC) can bridge on-

ground skill gaps.

7.8 Ethical, Environmental, and Societal Reflections

7.8.1 Al as a Moral Actor in Construction

The research highlights that the ethical implications of Al in construction are far from
abstract. Algorithms influence decisions about safety, material use, and environmental
compliance—domains with tangible human consequences. Therefore, Al must be viewed
not as a neutral instrument but as a moral actor, whose design and deployment carry ethical
weight. Responsible Al frameworks rooted in the principles of beneficence, non-

maleficence, autonomy, and justice must guide its integration.

7.8.2 Al for Green Transition

From predictive energy modelling to smart waste management, AI’s contribution to India’s
Net-Zero 2070 target could be substantial. If embedded within sustainable procurement
and lifecycle costing models, Al can lower emissions, reduce waste, and promote resource
circularity. Thus, the study concludes that AI is a critical enabler of ecological

modernisation in India’s built environment.
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7.8.3 Humanising the Digital Transition

While automation enhances precision, construction will always remain a human-centred
industry. The future lies in human—Al symbiosis, where machines augment rather than
replace human intelligence. Ethical design, participatory governance, and continuous
dialogue among stakeholders are essential to ensure that digital progress aligns with human

dignity and societal well-being.

7.8 Limitations of the Study

Despite its comprehensive design, the study is not without limitations. The survey and
interviews primarily involved professionals in urban settings, potentially limiting the
generalisability of findings to rural and small-scale construction contexts. The cross-
sectional design captures attitudes at a single time point. Longitudinal data could reveal

how perceptions evolve as exposure increases.

The research focused primarily on Al and its subfields; integration with adjacent
technologies such as blockchain, digital twins, and quantum computing remains
underexplored. Reliance on self-reported perceptions may introduce bias. Triangulating

with real project data or field observations could enhance validity.

The quantitative analysis is basically done using descriptive questions. This could lead to

limited understanding of the subject matter.
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These limitations, however, do not detract from the study’s contributions; rather, they

highlight fertile ground for future inquiry.

7.9 Directions for Future Research

Future studies could pursue several avenues. Examine how behavioural reasoning evolves
as Al matures and institutional familiarity grows. Compare India’s experience with other
emerging economies to identify universal versus context-specific drivers of Al adoption.
Investigate the convergence of Al with blockchain for supply chain transparency or with

IoT and digital twins for predictive maintenance.

Use life-cycle assessment (LCA) models and carbon accounting frameworks to measure
the tangible environmental benefits of Al in construction. Develop sector-specific
guidelines for algorithmic fairness, explainability, and liability management in

infrastructure projects.

Collectively, these directions would help build a holistic knowledge ecosystem around

responsible, equitable, and sustainable Al in construction.

7.11 The Vision Ahead: Towards Construction 5.0

The findings of this research point toward an emerging paradigm—Construction 5.0—
where digital transformation converges with human-centric sustainability. In this next stage

of industrial evolution, the focus will shift from automation for productivity to
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augmentation for purpose. Al will serve as a cognitive collaborator, enabling co-creation,

ethical decision-making, and environmental consciousness.

In India’s case, this transformation holds the promise of addressing three grand challenges
simultaneously, the infrastructure deficit, by accelerating project completion and reducing
costs. The sustainability deficit, by promoting resource efficiency and reducing emissions.
The skills deficit, by creating new digital professions that revitalise the construction

workforce.

To realise this vision, the ecosystem must evolve through collective stewardship—where
policymakers create enabling environments, industries commit to ethical adoption, and

academia cultivates the next generation of Al-empowered professionals.

7.12 Final Reflection

At its core, this study reinforces a simple but profound insight: technology does not
transform industries—people do. The integration of Artificial Intelligence in sustainable
construction is as much about human reasoning, trust, and ethics as it is about algorithms
and analytics. The path from blueprint to reality is not merely a technical transition; it is a
philosophical one—requiring industries to rethink how they design, build, and sustain the

environments in which humanity lives.

In the Indian context, this transformation carries extraordinary potential. With its
demographic dividend, policy momentum, and vibrant technological ecosystem, India can

become a global leader in Al-driven sustainable infrastructure. But this will require
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persistent effort to bridge divides — between innovation and tradition, efficiency and

ethics, growth and responsibility.

Ultimately, the future of construction will not be defined by whether Al can replace human
intelligence, but by how intelligently humans can use Al to build a more equitable, resilient,

and sustainable world.
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APPENDIX A

SURVEY COVER LETTER

Title of the Survey:
From Blueprint to Reality: The Role of Al in Optimizing Sustainable Construction

Processes in the Indian Context

Objective:

The objective of this survey was to assess the current usage, future opportunities, and
challenges in Al adoption within the construction sector in India. The study aimed to
gather insights on the applications, benefits, and barriers of Al implementation in the
construction industry, as well as perceptions regarding its role in promoting sustainability

and efficiency.

Purpose:
This questionnaire was designed to collect data from professionals, academicians, and
stakeholders involved in the construction and technology sectors. The responses were

used solely for academic research purposes and not for any commercial or marketing
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activities. All information provided by the participants was kept confidential, ensuring

data privacy and security.

APPENDIX B

INFORMED CONSENT

Consent Form

I hereby permit Winner Mattoo (Researcher) to include my responses in the study titled
“From Blueprint to Reality: The Role of Al in Optimizing Sustainable Construction
Processes in the Indian Context.” ] understand that this research is being conducted

solely for academic purposes.

I acknowledge that my participation is voluntary and that I will not receive any form of
payment or copyright claim for my contribution, even if the research findings are later

published in scholarly journals or online academic platforms.

Name:

Date MM/DD/YYYY):

L1 I consent to this activity/procedure.

APPENDIX C Survey

Section 1: Demographic Information
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1.

2.

3.

4.

Gender:

L Male

L] Female

L1 Prefer not to say
Age:

L] 24 and below

0 25-35

0 36-50

[ 51 and above
Education Level:

0] High School

U] Diploma

[0 Undergraduate

L] Masters / Postgraduate
L1 Doctorate or Equivalent

O Other:

Professional Role:

O Architect
U] Engineer

[ Contractor / Builder
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[0 AI/ Tech Developer

[ Government Official / Regulator
L] Researcher / Academician

0] Student

O Other:

5. Years of Experience:

L] Less than 5 years
L1 5-10 years
O 11-20 years

L1 More than 20 years

Section 2: Current Al Applications in Construction

1. Awareness of Al applications in construction

(1 represents the lowest and 5 represents the highest):
0102030405

2. Areas where Al is currently employed (Select all that apply):
o Project planning and management (e.g., Al-based scheduling, cost
estimation)
o Design and modeling (e.g., Al-driven BIM, automated blueprint

generation)
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o Safety monitoring and risk assessment
o Quality control and defect detection

o Construction robotics and automation

o Energy efficiency and sustainability

o Supply chain and material management

o Predictive maintenance

Section 3: Future Opportunities for Al in Construction

Potential areas for AI enhancement (Select up to 3):

e Cost reduction through predictive analytics

o Improved efficiency and project timelines

o Enhanced worker safety

e Increased sustainability and energy efficiency

e Al-powered materials optimization for waste reduction
e Smart construction site monitoring

e Automation of labor-intensive tasks

o Real-time data analytics for decision-making

e Other:

Section 4: Challenges Impeding Al Integration
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Major barriers to Al adoption (Select up to 3):

o High initial investment and funding issues

e Lack of Al-skilled workforce

o Resistance to technological change

o Data privacy and security concerns

e Uncertainty about Al reliability

e Government regulations and legal issues

o Integration challenges with existing systems

e Other:

Job Security Concerns:

0] Strongly Agree L1 Agree [ Neutral L] Disagree [1 Strongly Disagree

Government Support for AI Adoption:
L1 Very supportive [1 Somewhat supportive L1 Neutral [ Not very supportive L1 Not

supportive at all

Section 5: Al Implementation

1. Extent of Al use in organization:

] Not used at all

L] Limited use / pilot projects
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L1 Moderately used

[ Widely used

O Fully integrated

2. Specific Al tools used (Select all that apply):

o

ChatGPT or other language models
Alin BIM (e.g., clash detection)
Al-based defect detection

Al for scheduling or cost estimation
Robotics powered by Al

Other:

Section 6: Sustainability and Organizational Readiness

1. Perception of AI’s contribution to sustainable construction:

(Open-ended)

2. Organizational readiness to adopt Al (1-5 scale):

L] Fully ready (strategy, resources, support)

O Partially ready

L] Exploring stage

L] Not ready

3. Sources of Al knowledge/training (Select all that apply):
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o Internal training programs
o External consultants

o Conferences / seminars

o Academic literature

o None of the above

Section 7: Open-Ended Feedback

1. Can you describe a specific example where Al improved any aspect of your
project?

2. What would you like Al to be able to do in the future for your organization?

3. What recommendations would you give to policymakers to support Al adoption in
construction?

4. What specific challenges within the Indian construction sector hinder Al
adoption?
0] Lack of infrastructure
0] Low digital literacy

L] Lack of institutional support

O Other:
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Note:

This survey was administered via Google Forms.

APPENDIX D Qualitative Study

Interview Questions

. “Can you explain how Al tools have been integrated into your project
workflows?”’

. “What factors influence your decision to adopt or avoid Al technologies?”

. “In what ways do Al applications support or hinder sustainability outcomes?”

. “What role do government policies or organisational culture play in Al adoption?”
Declaration

I declare that Artificial Intelligence (AI) tools were used in a limited and supportive
capacity during the preparation of this thesis. For example, Grammarly was used

for language refinement, grammar checking, Mendley Al for reference generation.

No Al tool was used to generate research data, fabricate findings, conduct statistical

analyses, or replace critical intellectual contributions. All research design
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decisions, data collection, data analysis, interpretation of results, and theoretical

arguments were independently conceptualized and executed by the researcher.
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