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A Generative Artificial Intelligence (GenAI)–Driven Risk Management 

Framework for Sustainable Development Projects 

 

Abstract 

The purpose of this study is to develop a framework that identifies the drivers, challenges, 

and benefits of integrating Generative AI (GenAI)–driven risk management into sustainable 

development projects. To achieve this aim, a systematic literature review was conducted, 

analysing 66 articles on GenAI applications in project risk management published in leading 

academic journals between 2014 and 2024. The findings indicate that integrating GenAI into 

risk management enhances sustainability performance by improving environmental, social, 

and economic outcomes. This contribution is reflected in mechanism-level improvements 

across the risk management process, including earlier risk identification and prediction, faster 

interpretation of unstructured project data, and enhanced decision support. These 

capabilities reduce rework and material waste, strengthen safety and quality management, 

and improve regulatory traceability and cost efficiency. GenAI also supports more accurate 

risk forecasting, resource optimisation, and compliance monitoring, enabling project teams to 

address sustainability challenges more proactively. Despite these benefits, several barriers 

limit widespread adoption, including technical constraints, legal and regulatory uncertainty, 

ethical concerns, organisational readiness issues, and resource limitations. The review further 

highlights that sustainability gains depend on data quality, system transparency, and effective 

human oversight, as weak governance may introduce bias and reduce decision reliability. The 

proposed framework provides a structured approach to overcoming these challenges, 

promoting effective and sustainable GenAI-driven risk management in sustainable 

development projects. The framework serves as a roadmap for organisations seeking to 

balance innovation with sustainability in project risk management practices during the era of 

digital transformation. 

Keywords: Generative AI; GenAI; Project Management; Risk management; Sustainable 

Development. 

 

 

1. Introduction  
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The transition to Industry 4.0 has introduced technologies aimed at human empowerment 

and a deeper understanding of corporate culture and risk (Dacre et al., 2024; Al Naqbi et al., 

2025). Among these innovations, AI has become a critical tool, influencing sectors with 

significant project management activity such as engineering, construction, management, and 

manufacturing (Golovianko et al., 2023; Mohamed et al., 2024). In these domains, AI has 

shaped sustainable development, profitability, and responses to social demands (Dwivedi et 

al., 2021). In this context, project organisations are increasingly required to manage digital-

transformation risks while simultaneously delivering measurable sustainability outcomes, 

making risk management the practical bridge between Industry 4.0 capabilities and 

sustainable project delivery (Podgorska, 2022). Accordingly, this paper focuses specifically on 

GenAI-driven risk management rather than AI adoption in general and its implications for 

sustainable development projects. 

AI can be broadly divided into traditional AI and Generative AI (GenAI), based on methods, 

techniques, models, and applications (Smith and Wong, 2022). Traditional AI relies on 

predetermined rules and classical machine learning techniques to solve well-defined 

problems (Gonzalez and Hernandez, 2018; Al-Saffar et al., 2024). Examples include expert 

systems, decision trees, and linear regression, which perform effectively when objectives and 

problem spaces are clear (Minh et al., 2022; Erickson, 2021). However, such systems cannot 

generate new content and remain constrained by their programmed scope. Early AI 

applications, such as rule-based diagnostic tools and financial forecasting models, illustrate 

these limitations (Shadbolt, 2022; Sung et al., 2020). As Craig et al. (2024) observe, they were 

designed to handle narrow, predefined tasks. GenAI emerged to overcome these constraints. 

GenAI refers to models capable of generating new content, text, images, audio, or code, by 

learning from existing data and producing outputs that resemble it (Chenya et al., 2022; Dulam 

et al., 2023). These models rely on advanced deep learning, with Generative Adversarial 

Networks (GANs) and Transformer architectures such as ChatGPT among the most prominent 

(Baduge et al., 2023; Gonzalez and Hernandez, 2018). According to Gil et al. (2024), GenAI 

produces content often indistinguishable from that created by humans, significantly 

expanding AI’s ability to learn, solve problems, analyse contexts, and respond logically. Other 

approaches, including variational autoencoders (VAEs) and diffusion models, further broaden 

its applications, generating realistic text, images, and even molecular structures (Celik and 

Eltawil, 2024; Bengesi et al., 2024). Developing GenAI systems requires careful design: setting 
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objectives, collecting and preprocessing data, selecting model architectures, and optimising 

hyperparameters during training (Falkner et al., 2018; Holtzman et al., 2019). 

In project management, GenAI is already enhancing scheduling, cost control, 

communication, scope definition, quality assurance, stakeholder engagement, and risk 

management (Regona et al., 2022; Pan and Zhang, 2021). Risk management is particularly 

important given the uncertainty of large-scale projects (Al-Mhdawi et al., 2023). Traditional 

approaches, largely based on human judgment, are constrained by cognitive bias, limited 

time, and data complexity (Khodabakhshian et al., 2023; Al-Mhdawi et al., 2024a). GenAI 

addresses these challenges by strengthening risk identification, assessment, decision-making, 

and monitoring (Al-Mhdawi et al., 2023; Aramali et al., 2025). However, prior studies also report 

that these benefits are context-dependent and can be undermined through issues such as 

low-quality project data, limited transparency, and over-reliance on automated outputs 

factors that are especially critical in high-stakes sustainability decisions( Pan and Zhang, 2021). 

Different GenAI models offer complementary benefits. GANs generate synthetic data and 

simulate diverse scenarios, aiding risk detection; VAEs support anomaly detection and the 

identification of emerging risks (Cont et al., 2022; Moon et al., 2023). Transformer models, 

such as GPT and BERT, analyse complex datasets, including contractual and project 

documentation, to reveal hidden risks (Zou et al., 2017; Jafari et al., 2021). Diffusion models 

capture uncertainty by generating probabilistic outcomes (Gholizadeh et al., 2018), while 

Reinforcement Learning (RL) optimises decision-making in resource allocation and scheduling 

under uncertainty (Akinosho et al., 2020). Collectively, these approaches improve the 

prediction of risk probability and impact, while enabling more resilient response strategies 

(Mohamed et al., 2024). As Nishant et al. (2020) note, GenAI not only mitigates risks but also 

fosters innovation by supporting adaptive and robust project planning. 

In 1992, the United Nations (UN) formally adopted the principle of sustainable 

development, a commitment reinforced in 2015 with the introduction of the Sustainable 

Development Goals (SDGs) (Galvao et al., 2016). This global agenda has reshaped project 

delivery, particularly project risk management, by requiring the identification of risks linked to 

environmental, social, and economic factors (Taneja et al., 2022; Tiza, 2022). Given the 

uncertainty and complexity of decision-making in this context, GenAI has been proposed as a 

promising tool for enhancing risk assessment and management in sustainable projects (Al-

Saffar et al., 2024; Kar et al., 2022). In this paper, sustainable development projects are defined 
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as projects whose intended outcomes explicitly contribute to sustainable development and 

the SDGs, such as low-carbon infrastructure, resource-efficient buildings, renewable energy 

systems, or initiatives with explicit environmental and social development objectives. By 

contrast, sustainable project management (SPM) refers to the management approach used to 

plan, govern, and deliver projects while integrating environmental, social, and economic 

considerations into decision making and control. Accordingly, this study focuses on GenAI-

driven risk management within sustainable development projects, with sustainable project 

management treated as the delivery lens through which such projects are managed. 

In delivering sustainable development projects, sustainable project management (SPM) 

seeks to minimise environmental impacts, preserve resources, and promote community well-

being through practices such as waste reduction, resource optimisation, and material reuse 

(Tiza, 2022). Beyond ecological preservation, sustainability can deliver broader benefits, 

including higher productivity, improved quality of life, and reduced costs (Ibrahim, 2016). It 

prioritises long-term societal welfare over short-term profit (Kiani et al., 2021). Effective 

implementation requires early stakeholder engagement, with attention to energy efficiency, 

material selection, waste management, and sustainable design (Kiani et al., 2021). 

Sustainability encompasses ecological, economic, and social dimensions, addressing cost 

control, health and safety, and community needs (Braganca et al., 2014; Zavadskas et al., 

2018). This holistic approach integrates environmental protection, economic stability, and 

social equity (Karakhan et al., 2017). However, it also adds complexity, as projects must 

manage environmental and social impacts while balancing economic growth (Gibson, 2006). 

Robust risk management strategies are therefore essential to ensure long-term project 

viability by aligning economic, environmental, and social sustainability goals (Adewale et al., 

2024; Behrooz et al., 2023). At the same time, GenAI is not inherently sustainable. Energy-

intensive computation, data privacy risks, and algorithmic bias can generate environmental 

and social trade-offs when governance and assurance are weak(Dua, and Patel, 2024). This 

tension between promised efficiency gains and potential sustainability costs should be made 

explicit when positioning GenAI within sustainable project risk management. 

The literature on GenAI in project risk management provides a useful starting point, though 

gaps remain. Chenya et al. (2022) and Yaseen et al. (2020) examined trends in intelligent risk 

management but did not consider sustainable development or the balance of GenAI’s 

challenges and benefits. Regona et al. (2023) studied GenAI in sustainable projects, though 
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with a focus on general management rather than risk management specifically. Al-Mhdawi et 

al. (2023) explored GenAI-driven risk management and identified areas for improvement, but 

their findings may not fully extend to sustainable projects, where decisions often involve 

complex trade-offs across environmental, social, and economic dimensions. Notably, the 

literature does not fully agree on GenAI’s effectiveness or its net sustainability contribution. 

While some studies report improved speed and broader coverage in risk identification, others 

emphasise risks such as hallucination, accountability gaps, and ethical trade-offs that can 

undermine decision quality and weaken sustainability outcomes. In addition, although GenAI 

is relevant across many industries, this review is intentionally scoped to the construction 

sector because it is highly project-based, and sustainability considerations are central to 

construction project delivery and governance. 

Building on this body of work, the present research addresses these gaps by linking studies 

on GenAI’s challenges and benefits in risk management to the growing trend of sustainable 

projects. It proposes a framework connecting the drivers of GenAI adoption in sustainable 

project risk management to its associated challenges and benefits, viewed through the lens 

of sustainable development. Therefore, the research problem addressed in this paper is the 

absence of an integrated, risk-focused synthesis that (i) consolidates the reported 

sustainability-related impacts of GenAI-driven risk management in sustainable development 

projects and (ii) explains the key drivers and challenges that shape adoption and influence 

those impacts. This need has become particularly urgent following the rapid expansion of 

accessible large language models, where adoption has outpaced organisational governance 

and left sustainable project managers uncertain about safe and effective implementation. 

Bringing together risk management, sustainability triple-bottom-line, and AI 

governance/ethics considerations, the study responds to an emerging academic and practical 

need for integrated frameworks rather than technology-led assumptions. The following 

research questions are posed to address these gaps and to provide timely guidance for both 

researchers and practitioners. Accordingly, this research seeks to answer two key questions 

that are examined in the context of sustainable development projects within the construction 

sector. 

Q1: How does the use of GenAI-driven risk management impact sustainable development 

projects? 
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Q2: What are the challenges, drivers, and impacts associated with the adoption of GenAI 

in project risk management for sustainable development projects? 

To address these questions, the authors applied the Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses (PRISMA) methodology to identify the drivers, challenges, and 

benefits of implementing GenAI-driven project risk management in sustainable projects. 

Following the stages of identification, screening, and eligibility, a framework was developed 

to illustrate the interrelationships among these elements, thereby offering a comprehensive 

perspective. The remainder of the paper is structured as follows: Section 2 outlines the 

research methodology. Section 3 presents the results and discusses the key findings. Finally, 

Section 4 provides the conclusions, highlights the study’s limitations, and suggests directions 

for future research. 

 

2.0 Methodology 

In this research, the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 

(PRISMA) framework was adopted to ensure a rigorous and transparent methodology for 

conducting the Systematic Literature Review (SLR). PRISMA is widely recognised as a highly 

effective standard across disciplines, including project management, due to its structured and 

comprehensive approach to synthesising research findings (Tumpa et al., 2024; Almashhour 

et al., 2025; Papadonikolaki et al., 2025; Székely et al., 2025; Elseknidy et al., 2025a,b; Al-

Mhdawi et al., 2026). It provides a clear protocol for systematically searching, screening, 

evaluating, and synthesising data (Howard et al., 2017), which aligns closely with the research 

objectives of identifying the drivers, challenges, and benefits of GenAI-driven risk 

management in sustainable development projects. 

In this study, PRISMA was applied as an operational protocol to structure and report the 

review. Specifically, it informed database selection and search execution, duplicate removal, 

title and abstract screening followed by full-text eligibility assessment using predefined 

criteria in Tables 1–2, and transparent reporting of the selection process as shown in Figure 1. 

To strengthen methodological reflexivity, we piloted the initial search and screening on a 

subset of records and refined the protocol to reduce false positives, such as studies discussing 

AI in general without an explicit GenAI-driven risk-management focus, while maintaining 

coverage of sustainability and risk-management concepts. This refinement was necessary 

because GenAI terminology is used inconsistently and many AI studies address project 
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analytics without targeting GenAI-enabled risk workflows; accordingly, the final protocol 

balances breadth and specificity by retaining only studies that contribute explicitly to GenAI-

driven risk management. PRISMA’s emphasis on rigour and transparency, supported by its 

checklist and flowchart, strengthens reliability and reproducibility (Trifu et al., 2022; Rezvani 

et al., 2023). It has also been used in closely related reviews (Nyoto et al., 2024; Dacre et al., 

2024; Wach et al., 2023), supporting its suitability here. The following subsections outline each 

stage of the adopted PRISMA approach, with the criteria detailed in Tables 1–2 and the 

selection flow summarised in Figure 1. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. PRISMA review process. Jo
urn

al 
Pre-

pro
of



  
  

8 

 

 

2.1 Identification 

We conducted a comprehensive search across two major electronic databases, SCOPUS and 

Google Scholar, to examine the impacts, drivers, and challenges of implementing GenAI-

driven risk management in sustainable development projects. Given that construction is 

considered one of the most ‘projectised’ industries, characterised by unique and temporary 

endeavours (Cooke-Davies and Arzymanow, 2003; Grant and Pennypacker, 2006), our analysis 

focused specifically on sustainable projects in construction. As Stanitsas et al. (2021) notes, 

“sustainability concepts showcase significant value in construction projects” (p. 1). 

       The keyword strategy balanced breadth in capturing sustainability and risk-management 

literature with specificity in retaining only studies that explicitly address GenAI-enabled risk 

management. “Generative AI” served as the anchor term to distinguish GenAI-driven 

approaches from broader AI analytics and conventional predictive modelling. Broad terms 

such as “machine learning” and “deep learning” were not made mandatory because pilot 

searches showed they substantially increased retrieval of general AI studies without an explicit 

GenAI–risk management linkage; such studies were therefore included only if returned by the 
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query and eligible at screening. “AI ethics” was not compulsory because it retrieves large 

volumes of governance literature often disconnected from project risk management, so 

ethical and legal issues were captured through screening and coded during synthesis. Finally, 

“construction” was required as a deliberate domain boundary aligned with the study 

objective; we acknowledge this may exclude other sectors and therefore position the 

framework as construction-grounded, with cross-sector replication and validation proposed 

for future research. 

The selection of search terms was guided by prior literature on Generative AI, project risk 

management, and sustainability (e.g., Al-Mhdawi et al., 2024b; Waqar et al., 2023; Yigitcanlar 

et al., 2020; Smith & Wong, 2022), ensuring a systematic and reproducible approach. Key 

terms included ‘Generative AI’, ‘Projects’, ‘Project Management’, ‘Construction’, ‘Risk 

Management’, and ‘Sustainable Development’, along with the three focal aspects of GenAI-

driven risk management: ‘impact’, ‘drivers’, and ‘challenges’. 

 

For the search on SCOPUS, we adopted the following Boolean search string: 

TITLE-ABS-KEY (‘Generative AI’ AND ‘Projects’ AND ‘Construction’ AND ‘Risk Management’ 

AND (‘Sustainable Development’ OR ‘Environmental Sustainability’ OR ‘Societal 

Sustainability’ OR ‘Economic Sustainability’)) AND (LIMIT-TO (LANGUAGE, ‘English’)) AND 

(LIMIT-TO (SRCTYPE, "j"& "c")) AND (PUBYEAR > 2014 AND PUBYEAR < 2024). 

For the search on Google Scholar, we refined the search to focus on credible sources by using: 

‘Generative AI’ AND ‘Projects’ AND ‘Construction’ AND ‘Risk Management’ AND 

(‘Sustainable Development’ OR ‘Environmental Sustainability’ OR ‘Societal Sustainability’ 

OR ‘Economic Sustainability’) site:sciencedirect.com OR site:springer.com OR 

site:ascelibrary.org 

 

This prioritised publications from well-established academic publishers. We excluded studies 

that lacked a direct focus on GenAI-driven risk management, non-peer-reviewed sources (e.g., 

blogs, editorials, preprints), and duplicates across databases. This structured approach 

ensured both transparency and rigour in identifying relevant literature. 

We selected 2014 as the starting point to capture developments over the past decade. 

Although Generative AI has roots dating back to 1985, initially applied in content generation, 

image processing, and engineering (Gupta et al., 2024), its rapid expansion has been driven 
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by advances in neural network architectures, computing power, and large datasets (Leslie & 

Rossi, 2023). This period also reflects the growing influence of GenAI on projects, particularly 

with the emergence of sophisticated models for text and image generation (Wang, 2023).  

2.2 Screening 

The screening phase of systematic reviews entails evaluating large volumes of literature to 

identify studies relevant to the research focus (Howard et al., 2020). Researchers have 

explored several approaches to automate this process, including active learning and 

integrated recall estimation (Adeva et al., 2014). Some methods prioritise identifying 

irrelevant studies with high precision to achieve near-perfect recall of relevant ones (Abilio et 

al., 2015). 

In this study, we examined the titles, keywords, and abstracts of articles published between 

2014 and 2024 to ensure an accurate and efficient selection process. To strengthen reliability, 

the initial selection was cross-checked by co-authors, who validated the suitability of the 

included studies. Additionally, to reduce subjectivity, screening decisions were independently 

cross-checked by two authors using the predefined inclusion/exclusion rules (Tables 1 and 2). 

Discrepancies were discussed and resolved through consensus, with third-author adjudication 

where required. Although a formal κ statistic was not calculated, the independent checking 

and adjudication process provides transparency and reduces reviewer bias in determining 

whether studies explicitly addressed GenAI-driven risk management. 

 Following PRISMA guidelines, we applied a transparent and systematic procedure, 

carefully documenting the number of articles excluded at each stage based on explicit criteria. 

This rigorous screening ensured that only literature directly addressing our research questions 

was retained, providing a clear and focused foundation for the review. 

 

2.3 Eligibility 

The eligibility stage in PRISMA involves defining the criteria for including or excluding studies, 

which should be clearly reported in the structured summary of a systematic review (Moher et 

al., 2010). This stage is critical for ensuring the transparency and reproducibility of the review 

process (Brennan & Munn, 2021). 

Following the screening phase, we conducted a thorough evaluation of each publication’s 

eligibility through a full-text review, guided by predefined Eligibility Criteria (EC) summarised 

in Table 1. 

Jo
urn

al 
Pre-

pro
of



  
  

11 

 

EC1 excluded articles where full-text access was unavailable, either due to high cost or 

restrictive access requirements, such as institutional logins, which limit availability for 

independent researchers. EC2 excluded articles that mentioned GenAI or risk management 

only in passing, as a keyword, example, or cited fact, without substantive relevance to the 

research questions. This included papers that briefly referenced GenAI without analysing its 

role in risk management, data analytics, or decision-making. EC3 excluded articles discussing 

GenAI or risk management solely in terms of research trends or recommendations, without 

conducting in-depth investigation. Finally, EC4 excluded articles not focused on the 

construction sector, in line with our earlier observation regarding the significant value of 

sustainability in construction projects (Stanitsas et al., 2021). 

This rigorous eligibility assessment ensured that only studies directly relevant to GenAI-

driven risk management in sustainable construction projects were retained for detailed 

analysis. 

Table 1. Summary Eligibility criteria 
Code Eligibility criteria 

EC1 Full-text not available 

EC2 GenAI or Risk management is only used as a keyword, example, fact or cited expression. 

EC3 GenAI or Risk management is only used to describe research trends or recommendations. 

EC4 The research does not focus on the construction sector. 

 

2.4 Inclusion  

The inclusion process in systematic reviews is often rigorous, with studies reporting high 

exclusion rates from initial search results (Rajaguru et al., 2022; Taneja et al., 2022). Inclusion 

criteria typically prioritise peer-reviewed, full-text articles in English that address specific 

interventions or frameworks relevant to the research question (Silva et al., 2024). 

In this study, we required that papers explicitly examine GenAI and project risk 

management in construction or have these topics as their primary research focus. This 

ensured that only articles directly aligned with our research objectives were considered. Table 

2 summarises the Inclusion Criteria (IC) developed for this review: 

IC1: Papers must present results based on experiments using any GenAI model (e.g., BNN 

or GPT) or derive conclusions from review papers published in reputable journals or 

conferences. IC2: Articles must provide evidence of the impacts or challenges of GenAI on all 

or part of the risk management process. Finally, IC3: GenAI-driven project risk management 

must be central to the study's objectives, rather than addressed tangentially. 
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Applying these criteria resulted in a final set of 66 articles selected for review. A detailed 

overview of these articles, including their source types and relevance, is provided in Appendix 

A. This phase was pivotal in finalising the selection of studies for our systematic analysis. 

Table 2. Inclusion criteria 

Code Inclusion Criteria 

IC1 Impacts of GenAI driven risk management results based on experimental validation or credible review 
Criterion 

IC2 The research shows the impacts of GenAI overall or part of CRM. 

IC3 GenAI and risk management are part of the main research effort. 
 
 

 

3. Results and Discussion 

3.1 Year-by-year analysis of the number of articles published. 

In this study, we conducted an annual publication analysis to identify trends and patterns in 

research on GenAI-driven risk management applications in sustainable development projects. 

This analysis examines the number of articles published each year, providing insights into the 

evolution, knowledge accumulation, and maturation of the topic over time (Ma and Lund, 

2020). 

To perform this analysis, we applied the inclusion criteria outlined in the first step of our 

methodology to select appropriate journals and conferences. Using keywords, titles, and 

selection criteria described in the second step, we initially identified 398 papers related to 

GenAI-driven risk management in sustainable development published between 2014 and 

2024. 

The papers were then rigorously screened based on titles and abstracts for relevance and 

consistency. Following a comprehensive full-text review, only 66 articles were found to 

thoroughly address the drivers, challenges, and impacts of GenAI-driven risk management in 

sustainable development projects. 

As summarised in Table 3, 15.15% of these studies were published between 2014 and 2019, 

while 84.85% appeared between 2020 and 2024, indicating a marked increase in research 

interest. Figure 2 further illustrates this trend, showing the annual publication frequency from 

2014 to 2024. The figure reveals a steady increase in publications over the years, culminating 

in near-exponential growth starting in 2023, reflecting the rising prominence of GenAI in 

sustainable project risk management research. Therefore, the growth in publications indicates 

a rapidly evolving and still-maturing field, where conceptual development is outpacing 
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consolidated evidence on implementation outcomes. This trend suggests that organisations 

are experimenting with GenAI for risk tasks, but the research base remains fragmented across 

use-cases, data types, and assurance practices. For sustainable project risk management, this 

implies that clear governance, validation, and decision-accountability mechanisms are likely 

to be decisive factors in whether GenAI adoption translates into measurable environmental, 

social, and economic benefits rather than producing unintended risk. 

Table 3. Number of articles in year range 

Period Papers  No. of papers percentage 

2014 - 2019 Zhang et al., (2014), Costantino (2015), Najafabadi et al., (2015), 
Kulkarni et al. (2017), Wu et al. (2017), Zou et al. (2017), Poh et 
al. (2018), Parveen (2018), Lytras and Chui (2019), Mrowczyńska 
et al., (2019) 

10 15.15% 

2020 - 2024 Pillai and Matus (2020), Yaseen et al. (2020),Truby (2020), 
Yigitcanlar et al., (2020), Goralski and Tan (2020),Zhang et al., 
(2020), Wu and Shang (2020), Eber (2020), Akinosho et al., 
(2020), Boughaba, and Bouabaz (2020), Abioye et al. (2021), 
Hannan et al., (2021), Liengpunsakul (2021), Pan and Zhang 
(2021), Afzal et al. (2021), Choi, et al. (2021), An et al. (2021), 
Manzoor et al., (2021), Regona et al. (2022), Li et al., (2022), Liao 
et al., (2022), Smith and Wong (2022), Baduge et al., (2022), Kar 
et al., (2022), Olanrewaju (2022), Erfani and Cui (2022), 
McMillan and Varga (2022), Aladag (2023),Turek et al., 
(2023),Waqar et al., (2023), Singh et al., (2023), Gupta et al., 
(2023), Saka et al., (2023), Mishra et al., (2023), Bandi et al., 
(2023), Fridgeirsson et al., (2023), Chenya et al., (2023),Jallow et 
al., (2023), Kazeem et al (2023), Hashfi and Raharjo (2023), 
Giraud et al., (2023), Behrooz et al., (2023), Boinot et al., (2023), 
Liang et al., (2024), Chou et al., (2024), Adewale et al., (2024), 
Al-Saffar et al., (2024), Greif et al., (2024), Metwally et al., 
(2024), Muller et al., (2024), Nyqvist et al., (2024), Strube et al., 
(2024),Uriarte et al., (2024), Wankhede et al., (2024), Zhou et al., 
(2024), Regona et al., (2024) 

56 84.85% 

 

Figure 2. Publication trends from 2014 to 2024 
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3.2 Keyword analyses occurrences and relationship  

Keyword analysis is a valuable method for examining research trends and topics in scientific 

literature (Lakhanpal et al., 2014). Frequency analysis of keywords can also generate keyword 

clouds, visually representing the prominence of specific topics (Maki and Webster, 2018). 

Decker et al. (2007) proposed a text mining approach that analyses titles and abstracts using 

a semantics-based method to detect emerging research trends and early-stage researchers. 

Similarly, Le et al. (2014) explored trends in information systems research by analysing 

keywords from top journals, revealing frequently used terms and patterns over time. 

In this study, the most common keywords were evaluated using two metrics: keyword 

occurrences (OC) and keyword co-occurrences (CO). Keyword occurrences were derived from 

terms provided by the authors and extracted from titles, abstracts, and citation contexts. To 

ensure relevance, only keywords appearing at least three times were considered. Keywords 

were defined as co-occurring when two or more appeared together within the title, abstract, 

or citation context of an article. The primary metric for ranking keywords was OC, with CO 

used to resolve ties. 

As shown in Table 4, “Artificial Intelligence” is the most frequent keyword, appearing 43 

times with 195 co-occurrences, highlighting its central role in GenAI-driven risk management 

research in sustainable development. “Sustainable development” follows, with 20 

occurrences and 84 co-occurrences, indicating its strong relevance. “Machine learning” ranks 

third with 16 occurrences and 94 co-occurrences. Other prominent keywords include “Risk 

management” (15 occurrences, 92 co-occurrences) and “Project management” (14 
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occurrences, 78 co-occurrences), both core to applying GenAI in managing risks and projects 

within sustainable development frameworks. Although “Artificial intelligence” dominates the 

keyword set, the comparatively lower visibility of governance- and sustainability-assurance 

terms suggests the literature is still partly technology-led rather than risk-and-sustainability-

led. This may explain why sustainability benefits are often asserted rather than evidenced in 

implementation contexts: many studies emphasise capability and efficiency, while fewer 

specify assurance practices (e.g., validation, bias controls, accountability, and decision 

traceability) that determine whether GenAI outputs improve sustainable risk decisions. This 

supports the need for an integrated framework that explicitly links GenAI capability to risk-

process improvements and, in turn, to triple-bottom-line sustainability outcomes under 

defined governance conditions. 

Overall, these five keywords; "Artificial intelligence", "Sustainable development", "Machine 

learning", "Risk management" and "Project management", are central to the research 

domain, reflecting their importance and interconnectivity in the literature. 

 

 

Table 4. Most common author keyword occurrences 

Rank keyword OC CO 

1 Artificial intelligence 43 195 

2 Sustainable development 20 84 

3 Machine learning 16 94 

4 Risk management 15 92 

5 Project management 14 78 

6 Construction industry 13 88 

7 Risk assessment 12 72 

8 Decision making 11 60 

9 Sustainability 10 46 

10 Deep learning 8 56 

11 Natural language processing 8 53 

12 Learning systems 7 55 

13 Natural language processing systems 7 49 

14 Learning algorithms 6 44 

15 Risks management 6 43 

16 Construction projects 6 34 

17 Artificial intelligence (ai) 6 24 

18 Accident prevention 5 38 

19 Machine-learning 5 38 

20 Life cycle 5 37 
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21 SLR 5 31 

22 ChatGPT 5 26 

23 Data mining 4 29 

24 Risk analysis 4 28 

25 Decision trees 4 27 

26 Semantics 4 23 

27 Robotics 4 20 

28 SDGs 4 17 

29 Fuzzy logic 4 11 

30 Architectural design 3 28 

Oc = Keywords occurrence; Co = keywords Co-occurrence  

       

To further explore these relationships, VOSviewer software was employed to visualise the 

network and connections among keywords (see Figure 3). In this graphical representation 

nodes indicate the frequency of keyword occurrences, with larger nodes representing higher 

frequencies. Additionally, Links between nodes illustrate relationships between keywords, 

where thicker lines signify a higher frequency of co-occurring keywords. While Shorter lines 

denote closer proximity and relatedness between keywords. Also, Different colours are used 

to distinguish groups of co-occurring keywords. therefore, this visualisation aids in 

understanding the complexity and depth of research surrounding GenAI-driven project risk 

management in sustainable development, highlighting the interconnected nature of the key 

research. Finally, Figure 3 shows three main clusters in the literature, a technical and analytics 

stream centred on AI methods and automated risk functions, a management stream focused 

on risk assessment and decision making in project contexts, and a domain stream reflecting 

applications in construction delivery.  

While, table 4 supports this structure, with the most frequent keywords showing the strongest 

co-occurrence links, indicating that these themes are repeatedly discussed together rather 

than in isolation. Notably, keywords such as “risk management”, “risk assessment”, and 

“decision making” act as bridge terms connecting the technical cluster (AI/ML/NLP methods) 

with project delivery and construction applications, highlighting that GenAI is primarily 

framed as decision-support for risk processes. 

Overall, the clustering suggests the field is currently shaped more via capability and 

implementation themes than governance or social sustainability, since terms linked to 

accountability, assurance, and social sustainability are less prominent, indicating a gap in 

research that integrates these requirements into GenAI-driven risk management. 
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Figure 3. keyword occurrence and co-occurrence of author keywords 

 

3.3 Most contributing countries 

The Total Papers (TP) metric represents the number of articles published in a research field by 

a given country. For articles authored by researchers from multiple countries, each 

contributing country receives credit, rather than attributing the paper to a single nation. Table 

5 summarises the contributions of various countries between 2014 and 2024, detailing both 

the number of published papers and their citations. 

When two or more countries have the same TP, rankings are determined by Total Citations 

(TC), which reflects the cumulative number of citations received by a country’s publications. 

The United Kingdom leads with 12 published papers and 817 citations, demonstrating its 

active role in this research area. The United States, despite having slightly fewer papers (11), 

ranks second due to its exceptionally high citation count of 2,493, indicating strong research 

impact and influence. China ranks third with 8 papers and 408 citations, reflecting steady 

research output. Australia follows with 6 papers and 652 citations, showing a high citation 

impact per paper. Malaysia and India each contributed 5 papers, but Malaysia ranks fifth due 

to a higher total citation count (184 versus India’s 154). 
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This analysis highlights that while some countries, such as the United States and Singapore, 

produce fewer papers, their research is highly cited and influential. In contrast, countries like 

the United Kingdom demonstrate high publication activity, indicating substantial engagement 

in the field. Therefore, the concentration of publications and citations within a small number 

of countries indicates that the evidence base is being shaped largely by higher-income 

contexts with stronger research capacity and digital infrastructure, with comparatively limited 

representation from developing countries. Moreover, high citation counts in countries with 

fewer publications, such as the United States and Singapore, may indicate that a small number 

of highly visible papers are being published in prominent outlets or addressing widely cited 

cross-cutting themes, leading to higher citation intensity per paper rather than greater 

publication volume. 

 Furthermore, the geographic concentration of publications suggests that evidence and 

implementation assumptions may reflect specific regulatory environments, digital maturity 

levels, and data availability. For sustainable development projects, this matters because 

sustainability priorities and risk governance expectations vary by jurisdiction; therefore, the 

transferability of findings should be treated cautiously. This further motivates the framework’s 

emphasis on governance, organisational readiness, and data quality as contextual conditions 

rather than universal guarantees of benefit. 

Table 5. Countries contribution between 2014-2024 

Rank Country TP TC 

1 United Kingdom 12 817 

2 United states 11 2493 

3 China 8 408 

4 Australia 6 652 

5 Malaysia 5 184 

6 India 5 154 

7 Saudi Arabia 4 117 

8 Germany 4 112 

9 Hong Kong 4 61 

10 Singapore 3 943 

11 Poland 3 256 

12 Sweden 3 111 

13 Taiwan 3 30 

14 France 2 162 

15 Italy 2 29 

 

Figure 4 presents the leading countries in the research field, combining total paper numbers 

(TP) and total citations (TC) in a single graph. This approach enables comparison of both 
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research productivity and impact, illustrating which countries publish extensively and which 

generate highly cited, influential work. By displaying both metrics together, the figure provides 

a clear overview of each country’s research output and influence in the field. 

Figure 4. Total paper numbers and citations per country 

 

 

 

 

3.4 Drivers of GenAI-driven project risk management  

the observed publication growth and dominant keywords indicate rising interest in GenAI 

adoption; the drivers below therefore explain the main “push factors” behind this trend in 

sustainable project risk management. Additionally, the rapid evolution of Generative AI 

(GenAI) and machine learning (ML) technologies is playing a pivotal role in advancing risk 

management practices, particularly within the context of sustainable development. Research 

by Greif et al. (2024) and Gupta et al. (2023) demonstrates that cutting-edge GenAI algorithms 

enhance the accuracy and efficiency of project risk management. As these technologies 

continue to evolve, they become increasingly capable of addressing complex risk scenarios, 

which is critical for projects aiming to achieve sustainability goals. For example, advanced 

GenAI can better predict risks and support risk mitigation by assisting project teams in 

identifying, analysing, and responding to emerging risk conditions related to environmental 

impacts, supporting the implementation of more sustainable practices and projects. The 

drivers below distinguish between general digital and AI adoption pressures, such as 

regulation, productivity, and competitiveness, and GenAI-specific enablers that are distinctive 

to generative models and directly reshape risk-management tasks. 

The exponential growth of digital data, including sensor data and historical project data, 

further amplifies the potential of GenAI in risk management. In line with Li et al. (2022) and 
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Liao et al. (2022), abundant data allows GenAI systems to provide more accurate and 

actionable insights on sustainability-related risks. Access to large datasets enables GenAI to 

improve predictions of environmental hazards and resource utilisation, thereby enhancing 

decision-making and supporting sustainability-oriented risk management in sustainable 

development projects. Unlike conventional AI, GenAI can synthesise unstructured project 

information such as reports, logs, and contracts, rapidly generate risk narratives and proposed 

controls, and support scenario-based what-if exploration, enabling earlier identification of 

emerging risks and faster decision support. 

The increasing emphasis on sustainability and green building practices also drives the 

adoption of advanced GenAI technologies. Research by Kazeem et al. (2023) and McMillan 

and Varga (2022) indicate that growing demand for sustainable solutions motivates 

organisations to leverage GenAI tools for effective assessment and management of 

environmental risks. By embedding sustainability criteria into these systems, organisations can 

optimise resource use, reduce waste, and minimise environmental impact, contributing 

directly to broader sustainability objectives. Advanced GenAI technologies thus provide 

organisations with a competitive advantage, particularly in the domain of sustainable 

development project risk management. 

State-of-the-art GenAI also supports risk-conscious project management, enabling 

organisations to design more efficient and durable solutions (Jallow et al., 2023; Pillai and 

Matus, 2020). This capability strengthens organisations’ strategic positions by improving risk 

management processes, fostering sustainability, and enhancing competitive differentiation. 

Regulatory pressures related to environmental sustainability and project risk management 

represent another key driver for GenAI adoption. Al-Saffar et al. (2024) and Adewale et al. 

(2024) note that increasingly stringent regulations encourage organisations to integrate 

advanced tools like GenAI to ensure compliance. By accurately identifying and mitigating risks, 

GenAI enables organisations to navigate complex regulatory landscapes while meeting 

sustainability standards. This not only facilitates compliance but also reinforces the objectives 

of sustainable development, promoting responsible and environmentally friendly practices in 

projects. However, these drivers are context-dependent and can operate in tension. 

Regulatory pressure may encourage adoption to strengthen auditability and compliance, yet 

it can also discourage experimentation when model uncertainty, accountability concerns, or 

data-governance risks increase exposure to non-compliance. 
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3.5 Challenges and risks  

In contrast to the technology-forward emphasis seen in the bibliometric results, the 

challenges below highlight the governance, data, and organisational constraints that condition 

whether GenAI adoption produces reliable sustainability-related risk decisions. Despite the 

widespread recognition of GenAI’s potential to advance sustainable development, there 

remains a notable lack of in-depth analysis regarding its specific applications, impacts, and 

associated challenges (Regona et al., 2024). Many projects continue to face complex issues, 

including cost and time overruns, health and safety concerns, low productivity, and labour 

shortages. While digitalisation has the potential to mitigate these challenges, effectively 

leveraging it in project contexts remains a significant hurdle (Abioye et al., 2021). 

       To minimise overlap, this study differentiates challenge categories by primary locus. Legal 

concerns relate to compliance obligations, including data protection, liability, contracting, and 

regulatory requirements. Ethical concerns relate to fairness, transparency, accountability, and 

trust in automated outputs. Resource concerns relate to organisational capability, including 

skills, training, budget, and change capacity. Technical concerns relate to model and data 

performance and reliability, including data quality, hallucination risk, robustness, and 

cybersecurity. Integration concerns relate to embedding GenAI within existing processes, 

tools, governance workflows, and decision rights. Where an issue spans categories, it is 

discussed under the category that best reflects the dominant mechanism, such as compliance, 

trust, or system design. 

 

3.5.1 Legal- related 

The use of GenAI driven risk management in sustainable development creates several legal 

issues related to regulatory compliance, accountability, and data governance. According to 

Liengpunsakul (2021), lacking clear regulations regarding GenAI hinders broader use and 

innovation. The lack of standardised GenAI applications in projectized industry sectors further 

complicates compliance, as there is no consistent application of regulations related to the 

management and integration of data (Pan and Zhang, 2021). Additionally, accountability 

issues are one of the many concerns, where decisions made through GenAI can sometimes be 

very unclear since many people have involvement in developing GenAI, which makes 

accountability hard to point out (Holzmann and Lechiara, 2022). It is particularly a big problem 
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in areas critical in terms of safety since even a small mistake might be catastrophic. Other 

serious concerns are sensitive data management, such as personal or private company 

information, and how such sensitive data needs to have stringent data management to ensure 

privacy against data breaches (Pillai and Matus, 2020) 

 

3.5.2 Ethical and organizational-related 

The use of GenAI in sustainable projects introduces several significant ethical and practical 

challenges. One key concern is algorithmic bias, which may arise from flawed training data or 

imperfections in the algorithms themselves. Such biases can have serious consequences in 

critical areas such as human resources, safety, and regulatory compliance (Pan and Zhang, 

2021). Deep learning models often function as “black boxes,” making their outputs difficult to 

interpret and raising transparency concerns (Najafabadi et al., 2015). 

Data privacy and security are increasingly important in the context of digitalised projects. 

Sensitive information, including proprietary designs, financial data, and personal details, 

requires robust protection through encryption, access controls, and regular security audits 

(Adewale et al., 2024). Ethical concerns also extend to how GenAI systems manage this data, 

with risks of privacy violations and potential misuse in applications such as facial recognition 

(Yigitcanlar et al., 2020; Liengpunsakul, 2021). 

Cultural resistance among project professionals further complicates AI adoption. Many 

may hesitate to embrace GenAI due to unfamiliarity or perceived lack of transparency in AI-

based decision-making (Kulkarni et al., 2017; Pan and Zhang, 2021). Additionally, insufficient 

engagement with key stakeholders during implementation can lead to mismatches between 

GenAI capabilities and stakeholder expectations, reflecting a limited understanding of AI’s 

potential and constraints (Yaseen et al., 2020). 

Finally, the automation of jobs through GenAI raises concerns about employment security 

across sectors (Truby, 2020). Collectively, these challenges underscore the need for clear 

ethical guidelines, well-defined regulatory frameworks, and effective stakeholder engagement 

to ensure the responsible and sustainable deployment of GenAI in project environments. 

 

3.5.3 Resources-related  

The deployment of GenAI tools in sustainable development faces several resource-related 

challenges, primarily concerning scalability, cost, and specialised skills. Scalability is a key 
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issue, as artificial neural network (ANN) models developed for one project may not easily 

transfer to others due to differences in data, conditions, or project requirements (Lishner and 

Shtub, 2022). This limitation constrains the broader adoption of GenAI across projectised 

sectors (Choi et al., 2021; Kulkarni et al., 2017; Afzal et al., 2021). 

High initial costs also pose a significant barrier. Implementing GenAI solutions requires 

substantial investments in hardware, software, training, and infrastructure, which may be 

unaffordable for many organisations. These costs extend beyond system customisation and 

integration to include continuous updates, necessitating careful assessment of potential 

return on investment (Al-Saffar et al., 2024; Behrooz et al., 2023; Hannan et al., 2021). 

Furthermore, the successful adoption of GenAI requires competent human resources with 

expertise in machine learning, programming, and data analysis (Abioye et al., 2021). The 

shortage of trained personnel remains a major obstacle, highlighting the need for investment 

in workforce development and training programs (Adewale et al., 2024). Reliable 

infrastructure is also critical, as deep learning models demand substantial computational 

power and data storage, resources that smaller organisations may lack (Parveen, 2018; 

Najafabadi et al., 2015). 

Addressing these challenges, scalability, high costs, skills gaps, and infrastructure 

requirements, is essential to ensure the effective deployment and impactful utilisation of 

GenAI technologies in sustainable development projects. 

3.5.4 Technical-related 

GenAI-driven project risk management faces numerous technical challenges arising from the 

complexity of GenAI models, data quality issues, and the dynamic nature of projects. One key 

challenge is the technical complexity involved in designing artificial neural networks (ANNs), 

including determining the configuration of input, hidden, and output nodes (Lishner and 

Shtub, 2022). This process is often problem-specific and lacks standardization, making 

adoption difficult for many organisations (Kulkarni et al., 2017). Moreover, deep learning 

models require advanced knowledge of machine learning algorithms, data preprocessing, and 

model training, which can be overwhelming for teams without a strong technical background 

(Choi et al., 2021). 

The unpredictable nature of project environments further complicates the adaptation of 

ANN models (Kulkarni et al., 2017; Manzoor et al., 2021). Data quality and availability are 

additional barriers: poor-quality, incomplete, or inconsistently formatted data significantly 
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reduce model performance, while limited access to comprehensive datasets, due to 

confidentiality or proprietary restrictions, hinders effective training (Choi et al., 2021; Behrooz 

et al., 2023; Al-Saffar et al., 2024). Integrating diverse data sources, such as sensor data and 

Building Information Modelling (BIM), into a cohesive format for GenAI applications presents 

further technical challenges (Regona et al., 2022). 

Other issues include overfitting, where models fail to generalise beyond training data. 

Mitigating this requires specialized techniques such as early stopping and regularization 

(Kulkarni et al., 2017). GenAI systems also demand ongoing maintenance, including 

continuous updates and retraining to adapt to new data and changing project conditions, 

which requires sustained resources and technical expertise (Choi et al., 2021). 

The technical complexity of GenAI systems in project risk assessment remains a 

fundamental barrier to wider adoption. Implementing and maintaining these systems often 

requires specialised knowledge of algorithms and control methods, such as Levenberg-

Marquardt or Bayesian regularization, which may not exist within the organisation (Hannan et 

al., 2021; Al-Saffar et al., 2024). Access to large, labelled datasets for training deep learning 

models is another critical challenge, as acquiring such data can be costly and time-consuming. 

Some project environments simply lack the extensive datasets required for advanced GenAI 

models like GPT (Najafabadi et al., 2015; Saka et al., 2023). Consequently, organisations must 

invest in data collection and labelling processes to enhance the accuracy and reliability of 

GenAI systems. 

Given these technical complexities and data limitations, the full potential of GenAI may not 

yet be achievable in certain projectised industry sectors. 

 

3.5.5 Integration-related 

The primary challenges of integrating GenAI-driven risk management into the workflows of 

sustainable projects arise from the incompatibility of existing systems with advanced GenAI 

technologies. Many firms involved in project delivery still rely on outdated systems, making 

integration technically complex and costly (Choi et al., 2021). This issue is particularly 

pronounced in complex EPC projects, where the seamless integration of multiple data sources 

and software platforms is critical for smooth operations (Kulkarni et al., 2017; Pan and Zhang, 

2021). Furthermore, highly sophisticated GenAI models, such as GPT, require specialised 
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expertise that is currently underdeveloped within the industry, further complicating effective 

integration (Saka et al., 2023). 

     However, challenge prioritisation is context-dependent rather than uniform. In regulated 

environments, legal and ethical constraints often act as gatekeepers because unresolved 

liability, privacy, and accountability issues can prevent deployment regardless of technical 

capability. By contrast, in lower digital-maturity settings, technical and data readiness and 

resource capability, including skills, infrastructure, and investment, tend to be the dominant 

barriers, with governance arrangements often developing later. Differences are also evident 

between developed and developing economies: where capacity is limited, studies more 

frequently emphasise skills, infrastructure, and data availability, whereas in higher-scrutiny 

contexts, governance and accountability requirements are more prominent. 

 

3.6 Impact of integrating GenAI driven project risk management  

In this review, environmental, social, and economic impacts are interpreted through a risk-

management mechanism. GenAI contributes to sustainability primarily when it strengthens 

core risk activities, including risk identification, assessment, response planning, and 

monitoring and control. Accordingly, sustainability outcomes are not attributed to GenAI in 

general, but to GenAI-enabled improvements in how sustainability-related risks are detected 

earlier, assessed more consistently, and managed more proactively across the project lifecycle. 

Taken together, these impacts should be interpreted alongside the drivers and challenges 

above, because the sustainability outcomes reported in the literature are typically conditional 

on data quality, oversight, and integration into existing risk processes. Additionally, these 

impacts are discussed specifically in the context of sustainable development projects, where 

risk decisions are directly tied to SDG-aligned outcomes and defined sustainability 

performance requirements. 

3.6.1 Environment impact  

GenAI plays a pivotal role in managing environmental impacts throughout a project’s lifecycle, 

supporting sustainability objectives. Wu and Shang (2020) and Zhou et al. (2024) demonstrate 

that GenAI can monitor environmental factors from planning through execution, ensuring 

efficient resource use and minimizing waste. This lifecycle management reduces the ecological 

footprint of project activities and enhances environmental sustainability. 
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GenAI also enables early identification of environmental risks, allowing mitigation 

strategies to be implemented proactively to reduce harmful impacts such as pollution and 

habitat disruption (Nyqvist et al., 2024; Fridgeirsson et al., 2023). According to Waqar et al. 

(2023), GenAI ensures projects are designed with sustainability in mind, promoting efficient 

resource use, minimizing emissions, and supporting long-term environmental goals. 

The technology further enhances environmental planning through simulations of various 

risk scenarios, enabling the development of proactive and eco-friendly project designs (Turek 

et al., 2023; Giraud et al., 2023). GenAI facilitates comprehensive scenario planning, allowing 

firms to adapt operations to be more resilient and sustainable (Boughaba and Bouabaz, 2020). 

Li et al. (2022) and Greif et al. (2024) highlight that scenario planning helps avoid 

environmentally sensitive areas and suggests alternative methods to minimize environmental 

damage, promoting effective environmental stewardship. 

Real-time monitoring of environmental factors, such as emissions and waste, is another key 

capability of GenAI. Studies by An et al. (2021) and Liao et al. (2022) show that such 

monitoring helps firms stay within environmental limits and reduce carbon footprints. Zhang 

et al. (2020) and Yigitcanlar et al. (2020) illustrate that real-time insights enable immediate 

corrective actions, ensuring compliance with sustainability regulations. Zhou et al. (2024) and 

Wankhede et al. (2024) further highlight GenAI’s role in helping companies meet 

environmental standards, avoid regulatory fines, and deliver projects in a more sustainable 

manner. 

 

3.6.2 Social impact  

GenAI plays a critical role in enhancing worker safety and supporting social sustainability in 

projects. Choi et al. (2021) and Regona et al. (2022) illustrate how GenAI predicts potential 

hazards, reducing accidents and fostering safer work environments. This predictive capability 

aligns with social sustainability by prioritising human well-being. Yaseen et al. (2020) highlight 

the use of GenAI-driven systems for continuous monitoring of safety protocols, ensuring that 

workers operate under safe conditions. Similarly, Akinosho et al. (2020) and Waqar et al. 

(2023) emphasise AI’s ability to predict and mitigate health and safety risks, further supporting 

the social objectives of sustainable development. 

GenAI also enhances communication and collaboration among project stakeholders, 

contributing to socially sustainable project environments. Kulkarni et al. (2017) and Boinot et 
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al. (2023) show that GenAI facilitates collaboration by providing shared insights, while Erfani 

and Cui (2022) highlight how AI platforms increase transparency by allowing stakeholders to 

access real-time data. Turek et al. (2023) further emphasise that GenAI bridges 

communication gaps within project teams, ensuring that all stakeholders can participate in 

decision-making, which aligns with the principles of inclusivity and social sustainability. 

Beyond immediate safety, GenAI contributes to lifecycle management and long-term 

infrastructure resilience, supporting the creation of socially sustainable projects. Parveen 

(2018) and Olanrewaju (2022) demonstrate that AI’s ability to assess risks throughout a 

project’s lifecycle ensures infrastructure provides long-term benefits to communities. Smith 

and Wong (2022) argue that incorporating community impacts into AI-driven risk assessments 

results in infrastructure that serves communities effectively while minimising disruption. 

Regona et al. (2024) and Baduge et al. (2022) further show that GenAI promotes lifecycle 

thinking, ensuring that maintenance and operational phases are socially sustainable and 

reducing the need for frequent repairs or replacements. 

3.6.3 Economic impact  

GenAI-driven project risk management significantly enhances economic sustainability by 

improving cost predictability, scenario planning, reporting, and real-time risk monitoring. 

Costantino (2015) and Pan and Zhang (2021) highlight that AI-based tools enhance budget 

accuracy and financial stability by identifying risks early and enabling precise forecasting. This 

capability helps avoid unexpected financial burdens and allows for more effective resource 

management. Adewale et al. (2024) and Singh et al. (2023) further illustrate that GenAI tools 

can assess the financial impacts of potential risks before they materialize, facilitating better 

resource allocation and cost reduction. 

In terms of scenario planning, Chou et al. (2024) and Boughaba and Bouabaz (2020) 

emphasise AI’s ability to simulate risk scenarios, helping anticipate disruptions and mitigate 

financial losses, thereby supporting long-term economic growth. Pillai and Matus (2020) and 

Giraud et al. (2023) highlight AI’s contribution to reducing costly delays through effective 

contingency planning. 

Enhanced reporting through AI improves transparency and accountability, aligning financial 

management with SDGs (Abioye et al., 2021; Saka et al., 2023). Liang et al. (2024) and 

McMillan and Varga (2022) show that real-time monitoring reduces inefficiencies and financial 

disruptions, ensuring timely project completion and optimal resource utilization. Muller et al. 
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(2024) and Kar et al. (2022) further emphasize AI’s role in minimizing financial waste and 

project delays. 

     Accordingly, the framework integrates bibliometric patterns with the identified drivers, 

challenges, and impacts to make the GenAI-to-risk-process-to-sustainability mechanism 

explicit. 

3.7 Framework for GenAI-driven risk management integration 

The purpose of this framework is to provide a comprehensive model for GenAI-driven risk 

management within sustainable development projects, addressing the complexity and 

fragmented understanding of the relationships between GenAI and project risk management. 

As illustrated in Figure 5, the framework bridges a significant research gap by integrating 

insights from existing literature. Comparable frameworks include Eacersall et al. (2024), who 

developed a model to navigate ethical challenges in generative AI, Dacre et al. (2024), who 

proposed a framework to explore barriers to Industry 5.0 adoption in supply chain 

management, and Anica et al. (2021), who highlighted the benefits and challenges of GenAI 

integration in the retail sector. Building on these methodologies, our framework specifically 

targets sustainable development projects. 

        The framework in Figure 5 is directly derived from the results reported in Sections 3.4–

3.6. Its core structure is anchored in the 23 challenges synthesised from the included studies 

as shown in Table 6, grouped into five categories to reduce fragmentation and highlight 

interdependencies. The adoption drivers component reflects the drivers identified in Section 

3.4, explaining why organisations pursue GenAI-driven risk management in sustainable 

projects. The sustainability impacts component reflects the environmental, social, and 

economic impacts synthesised in Section 3.6, interpreted as outcomes of GenAI-enabled 

improvements in the risk-management process. Appendix A provides a consolidated mapping 

of included studies to drivers, impacts, and challenges, demonstrating how the evidence base 

informed the framework design. 

These categories form the core components, collectively addressing: (i) defining the 

concepts and applications of GenAI, (ii) exploring the drivers of GenAI-driven risk management 

adoption in sustainable development, (iii) assessing the sustainability impacts of adoption, 

and (iv) identifying integration challenges. By structuring these elements consistently, the 

framework provides a clear pathway for understanding how GenAI-driven risk management 

can support sustainable development objectives while highlighting the associated challenges. 
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Table 6. Challenges and risks of integrating GenAI into project risk management 

            Category Challenge and risks Reference  

Legal-related Regulatory compliance constraints 
(Holzmann and Lechiara, 2022), (Regona et al., 2022), (Yigitcanlar et al., 2022), (Waqar et 
al., 2023), (Parveen, 2018), (Liang et al., 2024), (Wijayasekera et al., 2022), (Gupta et al., 
2023) 

Accountability gaps (Regona et al., 2022), (Adekunle et al., 2022), (Wijayasekera et al., 2022) 

Data governance issues 
(Pillai and Matus, 2020), (Regona et al., 2022), (Parveen, 2018), (Adekunle et al., 2022), 
(Lee and Shin, 2020), (Liang et al., 2024), (McMillan and Varga, 2022), (Zhao, 2024), 
(Gupta et al., 2023) 

Ethical and organizational-related  Ethical concerns 

(Regona et al., 2022), (Pillai and Matus, 2020), (Holzmann and Lechiara, 2022), (Yigitcanlar 
et al., 2022), (Waqar et al., 2023), (Tang and Golparvar, 2021), (Lee and Shin, 2020), (Liang 
et al., 2024), (An et al., 2021), (Wijayasekera et al., 2022), (Gupta et al., 2023) 

Data privacy and  
security vulnerabilities (Regona et al., 2022), (Holzmann and Lechiara, 2022), (Yigitcanlar et al., 2022), (Tang and 

Golparvar, 2021), (Lee and Shin, 2020), (Liang et al., 2024), (Wijayasekera et al., 2022), 
(Zhao, 2024), (Gupta et al., 2023) 

Cultural resistance 
(Holzmann and Lechiara, 2022), (Regona et al., 2022), (Eber, 2020), (Yigitcanlar et al., 
2022), (Tang and Golparvar, 2021), (An et al., 2021), (Wijayasekera et al., 2022) 

Lack of stakeholder engagement (Holzmann and Lechiara, 2022), (Tang and Golparvar, 2021) 

Lack of awareness  
(Pillai and Matus, 2020), (Regona et al., 2022), (Holzmann and Lechiara, 2022), (Yigitcanlar 
et al., 2022), (Waqar et al., 2023), (Tang and Golparvar, 2021), (An et al., 2021), 
(Wijayasekera et al., 2022) 

Trust deficiency 
(Pillai and Matus, 2020), (Regona et al., 2022), (Holzmann and Lechiara, 2022), (Yigitcanlar 
et al., 2022), (Liang et al., 2024), (An et al., 2021), (Wijayasekera et al., 2022), (Gupta et al., 
2023), (Boinot et al., 2023) 

Resources-related Scalability limitations 
(Anysz et al., 2021), (Regona et al., 2022), (Kulkarni et al., 2017), (Holzmann and Lechiara, 
2022), (Yigitcanlar et al., 2022), (Adekunle et al., 2022) 
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Initial high Cost 
(Pillai and Matus, 2020), (Kulkarni et al., 2017), (Yigitcanlar et al., 2022), (Regona et al., 
2022), (Parveen, 2018), (Adekunle et al., 2022), (Tang and Golparvar, 2021), (Wijayasekera 
et al., 2022), (Adewale et al., 2024), (Al-Saffar et al., 2024) 

Skills Gap 
(Holzmann and Lechiara, 2022), (Yigitcanlar et al., 2022), (Parveen, 2018), (Pillai and 
Matus, 2020), (Regona et al., 2022), (Yigitcanlar et al., 2022), (Waqar et al., 2023), (Tang 
and Golparvar, 2021), (Wijayasekera et al., 2022), (Adewale et al., 2024), (Al-Saffar et al., 
2024) 

Infrastructure reliability concerns  (Parveen, 2018), (Regona et al., 2022), (Adekunle et al., 2022), (Tang and Golparvar, 2021), 
(Louis, and Dunston, 2018), (Wijayasekera et al., 2022) 

Technical-related Technical Complexity 
(Holzmann and Lechiara, 2022), (Yigitcanlar et al., 2022), (Parveen, 2018), (Tang and 
Golparvar, 2021) 

Unpredictable construction 
environment  

(Anysz et al., 2021), (Regona et al., 2022), (Kulkarni et al., 2017), (Holzmann and Lechiara, 
2022), (Yigitcanlar et al., 2022), (Parveen, 2018), (Adekunle et al., 2022), (McMillan and 
Varga, 2022) 

Poor data quality 
(Anysz et al., 2021), (Regona et al., 2022), (Kulkarni et al., 2017), (Holzmann and Lechiara, 
2022), (Regona et al., 2022), (Yigitcanlar et al., 2022), (Adekunle et al., 2022), (Lee and 
Shin, 2020), (Zou et al., 2017), (McMillan and Varga, 2022), (Wijayasekera et al., 2022), 
(Zhao, 2024), (Adewale et al., 2024), (Boinot et al., 2023) 

Data unavailability 

(Anysz et al., 2021), (Regona et al., 2022), (Kulkarni et al., 2017), (Holzmann and Lechiara, 
2022), (Pillai and Matus, 2020), (Regona et al., 2022), (Eber, 2020), (Yigitcanlar et al., 
2022), (Parveen, 2018), (Adekunle et al., 2022), (Tang and Golparvar, 2021), (Lee and Shin, 
2020), (Lee and Yu, 2023), (Zou et al., 2017), (An et al., 2021), (McMillan and Varga, 2022), 
(Zhao, 2024) 

Complex data (construction feature) 
(Anysz et al., 2021), (Regona et al., 2022), (Kulkarni et al., 2017), (Holzmann and Lechiara, 
2022), (Regona et al., 2022), (Yigitcanlar et al., 2022), (Parveen, 2018), (Adekunle et al., 
2022), (Aladag, 2023), (Lee and Shin, 2020), (An et al., 2021), (McMillan and Varga, 2022), 
(Al-Saffar et al., 2024), (Boinot et al., 2023) 
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Data Overfitting (failure to 
generalise) (Anysz et al., 2021), (Regona et al., 2022), (Kulkarni et al., 2017), (Holzmann and Lechiara, 

2022), (Pillai and Matus, 2020), (Eber, 2020), (Yigitcanlar et al., 2022), (Adekunle et al., 
2022) 

Data uniformity (lack of diversity) 
(Anysz et al., 2021), (Regona et al., 2022), (Kulkarni et al., 2017), (Pillai and Matus, 2020), 
(Regona et al., 2022), (Eber, 2020), (Yigitcanlar et al., 2022), (Parveen, 2018), (Adekunle et 
al., 2022), (Aladag, 2023), (Liang et al., 2024), (McMillan and Varga, 2022) 

Biased data  
(Regona et al., 2022), (Holzmann and Lechiara, 2022), (Pillai and Matus, 2020), (Eber, 
2020), (Parveen, 2018), (Adekunle et al., 2022), (Afzal et al., 2021), (Lee and Shin, 2020), 
(Liang et al., 2024), (An et al., 2021), (Wijayasekera et al., 2022), (Al-Saffar et al., 2024) 

Incorrect decision  
(Holzmann and Lechiara, 2022), (Chenya et al., 2022), (Al-Mhdawi, et al. 2023), 
(Fridgeirsson et al., 2023), (Hashfi and Raharjo, 2023), (Barcaui and Monat, 2023), (An et 
al., 2021), (Al-Saffar et al., 2024), (Behrooz et al., 2023) 

Integration-related 

Poor integration with legacy systems  
(Pillai and Matus, 2020), (Yigitcanlar et al., 2022), (Parveen, 2018), (Regona et al., 2022), 

(Adekunle et al., 2022), (Tang and Golparvar, 2021), (An et al., 2021), (Al-Saffar et al., 

2024), (Boinot et al., 2023)  
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Figure 5. GenAI Driven risk management framework 

 

For project managers, the findings support using GenAI as decision support within existing risk 

governance, rather than as a replacement for professional judgement. Priority actions include 

strengthening data readiness and secure access controls for risk-relevant documents such as 

reports, logs, and contracts, establishing clear human-in-the-loop review for high-stakes risk 

decisions, and implementing validation and monitoring routines to manage unreliable 

outputs. For policymakers and clients, the framework informs procurement and assurance 

requirements that set expectations for accountability, data governance, and transparency, and 

that require minimum validation evidence for GenAI tools used in sustainability-critical project 

decisions. 
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4. Conclusion  

This research presents a comprehensive approach to applying GenAI for risk management in 

sustainable development projects, providing a structured pathway for stakeholders to 

implement AI-driven solutions aligned with the SDGs. While the potential benefits of GenAI 

span environmental, social, and economic dimensions, adoption challenges persist. Legal, 

technical, ethical, and integration-related barriers, together with biases in AI systems and data 

privacy concerns, can delay implementation and affect efficiency, trust, and financial stability. 

Resource-related constraints, such as high initial costs, scalability issues, and shortages of 

skilled professionals, further influence the economic viability of GenAI applications. 

Addressing these challenges is essential for fostering stakeholder confidence and ensuring the 

responsible integration of GenAI into project risk management, thereby supporting outcomes 

such as energy efficiency, waste reduction, and broader SDG-related objectives. 

      However, it is important to emphasise that this study is explicitly grounded in construction-

sector projects, and the analysis, evidence base, and framework development are derived 

from literature focused on construction project contexts. Accordingly, the proposed 

framework and its findings are primarily applicable to sustainable development projects 

delivered in construction environments, where project organisation, risk profiles, and 

governance arrangements exhibit distinct characteristics. 

      Addressing Research Question 1, the reviewed literature indicates that GenAI-driven risk 

management can influence sustainable development projects through strengthened risk 

identification, assessment, decision support, and monitoring in ways that support 

environmental, social, and economic outcomes, provided that governance safeguards and 

data quality are adequate. Addressing Research Question 2, the synthesis identifies the main 

drivers motivating adoption and consolidates the key challenge categories, namely legal, 

ethical and organisational, resource, technical, and integration-related factors, that determine 

whether these impacts can be realised in practice. 

      Despite these limitations, GenAI offers transformative opportunities through enhanced 

risk identification, decision-making, and response strategies. Improvements in resource 

management, safety performance, cost predictability, and regulatory compliance contribute 

to stronger sustainability outcomes in project practices. Nevertheless, the current literature 

lacks in-depth analysis of GenAI’s specific implications for risk management in sustainable 

development projects, particularly in relation to long-term governance, assurance, and 
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implementation outcomes. Further research is therefore required to refine integration 

methodologies and develop solutions that mitigate the challenges identified in this study. 

      From a theoretical perspective, this study develops a comprehensive framework linking 

the drivers, challenges, and benefits of GenAI-driven project risk management, offering 

insights into its role in sustainable development. The framework provides a structured 

perspective on how GenAI enhances risk identification, decision-making, and response 

strategies while addressing the inherent complexity of project sustainability. In line with Figure 

5, the framework advances the discourse by operationalising environmental, social, and 

economic considerations as explicit risk criteria and impact pathways within the GenAI-

enabled risk management process, demonstrating how improvements in risk identification, 

assessment, and response can translate into sustainability outcomes in sustainable 

development projects. The synthesis of fragmented insights into a unified model enables the 

study to capture the multidimensional impact of GenAI on project risk management. 

      From a practical standpoint, the study provides a roadmap for stakeholders to implement 

GenAI-driven risk management solutions in alignment with the SDGs. The framework 

addresses key barriers, including high initial costs, skills shortages, scalability limitations, and 

legal or technical challenges that often impede the adoption of advanced technologies. The 

identification of these challenges and the proposal of strategic responses enhance the 

feasibility of integrating GenAI into project risk management practice. The study also 

highlights tangible benefits, such as improved resource efficiency, safety performance, cost 

predictability, regulatory compliance, and reduced environmental impact, demonstrating the 

economic and operational value of GenAI adoption. 

4.1 Limitations  

This study has several limitations that should be acknowledged when interpreting its findings. 

First, the six categories of challenges and risks, legal, ethical, organisational, resource, 

technical, and integration-related, were identified through a systematic literature review. 

While regulatory constraints across project-based industries beyond construction could be 

explored further through case studies or expert interviews, differences across other industries 

extend beyond regulatory frameworks alone. Variations in project structural features, 

including lifecycle configurations and supply-chain arrangements, project characteristics, such 

as safety criticality and data availability, and contextual conditions, including digital maturity, 

governance structures, and institutional operating environments, may substantially shape 
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how GenAI-driven risk management can be implemented and governed. Second, the review 

is explicitly bounded to the construction sector. While construction represents one of the most 

projectised industries and offers a relevant testbed for sustainable development initiatives, 

this sectoral focus limits the transferability of findings to other project-based domains such as 

healthcare, energy, or IT infrastructure. Differences in regulatory regimes, lifecycle structures, 

safety criticality, and digital maturity may influence how GenAI-driven risk management is 

adopted and governed across industries. Finally, the study does not empirically test the 

proposed framework. Although the framework consolidates drivers, challenges, and 

sustainability impacts, its effectiveness in improving real-world risk mitigation, governance 

quality, or sustainability performance has yet to be longitudinally examined.  

4.2  Future research directions 

Building on these limitations several avenues for future research are proposed. First, empirical 

validation of the proposed framework is essential through quantitative approaches such as 

structural equation modelling to test causal relationships between GenAI adoption drivers 

governance conditions risk management improvements and sustainability outcomes 

alongside qualitative methods including Delphi studies and expert interviews to refine the 

framework constructs and contextual relevance. Second, future studies should extend the 

framework beyond the construction sector through cross industry comparative research to 

examine whether the identified drivers risks and sustainability pathways remain consistent 

across different project environments or require contextual adaptation to strengthen 

generalisability. Third, longitudinal and pilot implementation studies are needed to observe 

GenAI integration across full project lifecycles and generate deeper insights into long term 

governance assurance and performance implications particularly in relation to sustainability 

metrics and decision accountability. Finally, future work could prioritise governance and 

assurance mechanisms including model validation protocols bias auditing transparency 

frameworks and human in the loop decision structures to ensure trustworthy sustainability 

aligned risk decisions 
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Appendix A. Key studies exploring GenAI-driven project risk management:Theories, Drivers, Impact and Challenges 
 

No. Paper Source  Title Drives Impact Challenges GenAI Theory 

1 Liang et al., (2024) Journal Automation in Construction 
 

✓ ✓ ✓ 
2 Chou et al., (2024) Journal Engineering Applications of Artificial Intelligence 

 
✓ ✓ ✓ 

3 Costantino (2015) Journal International Journal of Project Management 
 

✓ 
 

✓ 
4 Kulkarni et al. (2017) Journal Journal of Soft Computing in Civil Engineering ✓ ✓ ✓ ✓ 

5 Wu et al. (2017) Journal Engineering Applications of Artificial Intelligence 
 

✓ ✓ ✓ 
6 Zou et al. (2017) Journal Automation in Construction 

 
✓ ✓ ✓ 

7 Poh et al. (2018) Journal Automation in Construction 
 

✓ ✓ 
 

8 Parveen (2018) Journal IJCIET 
 

✓ 
  

9 Boughaba, and Bouabaz (2020) Journal Advances in Computational Design 
 

✓ 
 

✓ 

10 Eber (2020) Journal Organization, Technology, Management in Construction 
 

✓ ✓ ✓ 
11 Yaseen et al. (2020) Journal Sustainability (Switzerland) 

 
✓ 

 
✓ 

12 Pillai and Matus (2020) Journal Science and Public Policy 
 

✓ 
 

✓ 

13 Abioye et al. (2021) Journal Journal of Building Engineering 
 

✓ ✓ ✓ 
14 Pan and Zhang (2021) Journal Automation in Construction ✓ ✓ ✓ ✓ 
15 Afzal et al. (2021) Journal International Journal of Managing Projects in Business 

 
✓ 

 
✓ 

16 An et al. (2021) Journal Automation in Construction 
 

✓ ✓ ✓ 

17 Choi, et al. (2021) Journal Sustainability (Switzerland) ✓ ✓ ✓ ✓ 

18 Regona et al. (2022) Journal Buildings 
 

✓ ✓ 
 

19 Adewale et al., (2024) Journal Buildings ✓ ✓ ✓ ✓ 
20 Akinosho et al., (2020) Journal Journal of Building Engineering 

 
✓ ✓ ✓ 

21 Aladag (2023) Journal Sustainability (Switzerland) 
 

✓ 
 

✓ 
22 Al-Saffar et al., (2024) Journal Journal of Engineering Science and Technology ✓ ✓ ✓ ✓ 

23 Baduge et al., (2022) Journal Automation in Construction 
  

✓ 
 

24 Bandi et al., (2023) Journal Future Internet 
  

✓ ✓ 
25 Behrooz et al., (2023) Journal Sustainability (Switzerland) ✓ ✓ ✓ ✓ 
26 Boinot et al., (2023) Journal International Journal of Sustainable Development ✓ ✓ 

 
✓ 

27 Chenya et al., (2023) Journal IEEE Access 
 

✓ 
 

✓ 

28 Erfani and Cui (2022) Journal Automation in Construction 
 

✓ 
 

✓ 
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29 Fridgeirsson et al., (2023) Journal Applied Sciences (Switzerland) 
 

✓ ✓ ✓ 

30 Giraud et al., (2023) Journal Journal of Decision Systems 
 

✓ 
  

31 Goralski and Tan (2020) Journal International Journal of Management Education ✓ ✓ 
  

32 Greif et al., (2024) Journal Discover Artificial Intelligence ✓ ✓ ✓ ✓ 

33 Gupta et al., (2023) Journal IEEE Access 
 

✓ ✓ ✓ 

34 Hannan et al., (2021) Journal Energy Reports ✓ ✓ 
  

35 Hashfi and Raharjo (2023) Journal IJACSA 
  

✓ ✓ 

36 Jallow et al., (2023) Journal EMJ - Engineering Management Journal 
 

✓ ✓ 
 

37 Kar et al., (2022) Journal Journal of Cleaner Production ✓ ✓ 
  

38 Kazeem et al (2023) Journal Buildings ✓ ✓ ✓ ✓ 

39 Li et al., (2022) Journal Journal of Cleaner Production 
 

✓ 
 

✓ 

40 Liao et al., (2022) Journal Journal of Industrial Ecology ✓ ✓ ✓ 
 

41 Manzoor et al., (2021) Journal Applied System Innovation 
 

✓ ✓ ✓ 

42 McMillan and Varga (2022) Journal Engineering Applications of Artificial Intelligence 
  

✓ ✓ 

43 Metwally et al., (2024) Conference ASU Conference, ICETSIS 2024 
  

✓ 
 

44 Mishra et al., (2023) Journal Multidisciplinary Reviews 
 

✓ 
  

45 Muller et al., (2024) Journal Project Management Journal 
 

✓ ✓ ✓ 

46 Najafabadi et al., (2015) Journal Journal of Big Data 
 

✓ ✓ ✓ 

47 Nyqvist et al., (2024) Journal Engineering, Construction and Architectural 
Management 

 
✓ ✓ ✓ 

48 Olanrewaju (2022) Conference IOP Conference Series: Earth and Environmental Science 
 

✓ 
  

49 Saka et al., (2023) Journal Developments in the Built Environment 
 

✓ ✓ ✓ 

50 Singh et al., (2023) Journal Operations Management Research ✓ ✓ 
  

51 Smith and Wong (2022) Journal Informatics ✓ ✓ ✓ ✓ 

52 Strube et al., (2024) Conference FEMIB 2024 conference 
 

✓ ✓ 
 

53 Turek et al., (2023) Journal Equilibrium QJEEP ✓ ✓ ✓ ✓ 

54 Uriarte et al., (2024) Journal Energies ✓ ✓ ✓ ✓ 

55 Wankhede et al., (2024) Journal Journal of Global Operations and Strategic Sourcing 
 

✓ 
  

56 Waqar et al., (2023) Journal Artificial Intelligence Review 
 

✓ 
  

57 Wu and Shang (2020) Journal Sustainability (Switzerland) 
 

✓ 
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58 Yigitcanlar et al., (2020) Journal Energies 
 

✓ 
  

59 Zhang et al., (2020) Journal Sustainability (Switzerland) 
 

✓ 
  

60 Zhang et al., (2014) Journal Reliability Engineering and System Safety 
 

✓ ✓ 
 

61 Zhou et al., (2024) Journal Automation in Construction 
 

✓ ✓ ✓ 

62 Regona et al., (2024) Journal Sustainable Cities and Society ✓ ✓ ✓ ✓ 

63 Lytras and Chui (2019) Journal Energies ✓ ✓ 
  

64 Mrówczyńska et al., (2019) Journal Sustainability (Switzerland) ✓ 
  

✓ 

65 Liengpunsakul (2021) Journal Chinese Economy ✓ 
  

✓ 

66 Truby (2020) Journal Sustainable Development ✓ ✓ ✓ ✓ 
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Highlights 

• Conducts a systematic literature review (SLR) of 66 peer-reviewed articles on GenAI-driven 

risk management for sustainable development projects, published between 2014 and 

2024. 

• Identifies key drivers of GenAI adoption in project risk management, including enhanced 

predictive accuracy, regulatory compliance, and sustainability objectives. 

• Examines major challenges and risks of integrating GenAI into project risk management, 

such as legal constraints, ethical concerns, resource limitations, skills gaps, and technical 

complexities. 

• Demonstrates GenAI’s impact on improving projects risk management across 

environmental, social, and economic sustainability in construction projects. 

• Develops a GenAI-driven risk management framework to support sustainable 

development projects. 
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