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Abstract

Artificial Intelligence (Al) has emerged as a transformative force in project
risk management (PRM), transitioning traditional methods into dynamic,
proactive frameworks capable of addressing modern project complexities.
This evolution enables PRM to align more effectively with strategic goals
while addressing uncertainties across diverse industries. Despite its
promise, Al adoption in PRM varies significantly across sectors, presenting
gaps in application and understanding. This study explores Al's role in
enhancing PRM, focusing on its impact on risk management elements,
emerging trends, and real-world applications. Using a qualitative and
evidence-based methodology, the research integrates insights from
academic literature, industry reports, and consulting publications,
supplemented by case studies of leading organizations. Findings reveal
substantial advancements in PRM through Al, highlighting improved
decision-making, operational efficiency, and enhanced resilience. Case
studies from Siemens, JPMorgan Chase, and Turner Construction
demonstrate Al's effectiveness in tackling challenges, optimizing processes,
and achieving objectives. This study expands academic discourse on Al
adoption in PRM and provides actionable insights for organizations, offering
guidance to overcome barriers and maximize technological investments.
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1. Introduction

Project management has always been a critical discipline, underpinning the successful execution of tasks across various
industries. From construction to software development, effective project management ensures that objectives are met
within the constraints of time, budget, and resources. One of the most fundamental components of project management
is risk management, which is the process of identifying, assessing, and mitigating risks that could jeopardize project
success (Muriana & Vizzini, 2017; Rahi et al., 2021). Projects are inherently uncertain and can be affected by various
risks, including financial constraints, technical issues, resource shortages, and external factors such as market fluctuations
and regulatory changes (Ulusoy & Hazir, 2021). As projects become increasingly complex, the ability to effectively manage
risks is a critical determinant for their success. Traditional methods of risk management, often based on qualitative
assessments and historical data, are proving insufficient and can be limited by human biases and the inability to process
large volumes of data. This inadequacy is driving the search for more robust and dynamic approaches, with Artificial
Intelligence (Al) emerging as a transformative technology offering the potential to reshape project risk management (PRM)
practices through greater accuracy, efficiency, and proactivity (Li et al., 2024).

Artificial Intelligence has the potential to revolutionize PRM by providing advanced tools for data analysis and decision-
making. Al's capabilities in data processing, pattern recognition, and predictive analytics offer promising solutions to the
challenges of traditional risk management. Project managers can leverage these capabilities to analyze vast amounts of
data from diverse sources, identify patterns that may indicate potential risks, and predict future risks with higher accuracy
(Yazdi et al., 2024). Al-driven approaches enhance proactive risk identification and mitigation while also facilitating
continuous monitoring and dynamic adjustments to address emerging uncertainties in projects. Al encompasses a range
of technologies and techniques, each offering unique advantages for PRM. Machine learning algorithms, for instance, can
learn from historical project data to make accurate predictions about future risks (Hamada, 2024). Natural Language
Processing (NLP) can analyze textual data from project documents, emails, and reports to uncover hidden risks (Gao et
al., 2024). Predictive analytics can forecast the likelihood of risks occurring and their potential impact on the project
(Jahan, 2024). These Al-driven techniques can provide a more comprehensive and proactive approach to risk
management compared to traditional methods, significantly improving overall project outcomes.

The integration of Al into project management is already yielding positive results in various industries. For example, in the
construction industry, the use of Al has shown significant improvements in managing risks (Kelemu et al., 2023). One
notable case is that of the construction firm Skanska, which has implemented Al tools to analyze project data and predict
potential delays and cost overruns. These tools analyze factors such as project schedules, financial records, and weather
forecasts, enabling project managers to take corrective actions before risks materialize. This proactive approach has
resulted in more timely project completions and reduced costs (Sarahrudge, 2024). Similarly, the banking industry has
embraced Al to enhance risk assessment, mitigation, and decision-making processes. Al has been applied in credit scoring
models, fraud detection systems, stress testing tools, and cybersecurity risk management (Dewasiri et al., 2024). For
instance, JPMorgan Chase has adopted Al to enhance its risk management processes. The company uses machine
learning algorithms to detect and mitigate fraudulent activities by analyzing transaction patterns in realtime. This
implementation has significantly improved overall risk management efficiency and led to a 50% reduction in false positives
and a 30% increase in the detection rate of actual fraudulent activities (Wick, 2024). In the transportation sector, Erfani et
al. (2023) demonstrated the use of Al in analyzing risks across 11 major U.S. transportation projects. Their framework
revealed that 64% of initially identified risks were realized, while 50% of total risks emerged during project execution. Teams
using proactive risk monitoring achieved better cost and schedule performance, showcasing the importance of Al in real-
time risk tracking and adaptive management. Further case studies and industry examples demonstrate the broad
applicability of Al in addressing the evolving challenges of PRM, making it a cornerstone of innovation in the field. Despite
its potential, the integration of Al into PRM is not without challenges. Issues such as data quality, algorithm bias, and the
need for skilled personnel to manage Al systems must be addressed to fully harness the benefits of Al (Wasike, 2024).
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Developing a comprehensive framework for Al integration into PRM is essential to overcoming these challenges. This
framework should provide guidelines for various aspects of this integration such as data collection and analysis, Al tool
selection, and the implementation and monitoring of Al-driven risk management processes.

While existing literature acknowledges the general limitations of conventional PRM techniques, a more structured gap
analysis reveals specific methodological and conceptual constraints that hinder their effectiveness in dynamic project
environments. Widely used approaches such as Monte Carlo simulations, Delphi techniques, and statistical modeling
suffer from critical weaknesses. Monte Carlo analysis depends heavily on predefined probability distributions, making it
vulnerable to inaccurate or outdated input assumptions (Muriana & Vizzini, 2017). The Delphi method is time-intensive
and reliant on expert consensus, which introduces subjectivity and inconsistency (Beaudrie et al., 2016). Traditional
statistical models, while useful for forecasting, often assume linearity and lack the flexibility to handle unstructured,
incomplete, or realtime data, characteristics increasingly present in complex projects (Seddik & Rachid, 2023). To better
articulate the need for Al in this context, these limitations can be categorized into three dimensions. Theoretically,
traditional methods lack the adaptive, learning-based capabilities necessary to reflect the evolving nature of project risks.
Methodologically, they are constrained by rigid structures and limited in processing diverse data formats or dynamic
feedback loops. Contextually, these tools often underperform when applied across varying industries or scaled to more
complex project settings. Al techniques directly address these challenges: machine learning offers adaptive, data-driven
risk forecasting; NLP enables the extraction of insights from unstructured textual sources; and reinforcement learning
facilitates continuous, realtime decision-making in uncertain conditions.

Given the transformative potential of Al and the existing challenges in traditional risk management approaches, this study
aims to explore and analyze how Al can be leveraged to enhance PRM. To guide this investigation, the following research
question is posed: How can Al be leveraged to enhance PRM and what are its impacts on the key elements of risk
management? Specifically, the research focuses on the trends shaping Al adoption in PRM, evidence of its effectiveness,
and insights drawn from real-world case studies to inform best practices and future research directions. The specific
objectives of this study are:

= |dentify the trends in the adoption of Al technologies for PRM across various industries.

= Evaluate the current state of evidence regarding the effectiveness of Al in addressing challenges related to risk
identification, assessment, mitigation, and monitoring in project management.

= Examine real-world case studies to extract key insights that inform best practices.

= Discuss implications and future research directions for Al-driven PRM.

This study offers both theoretical and practical contributions. Theoretically, it contributes to the growing literature by
synthesizing how Al is being adopted in PRM across industries and categorizing its use across key risk functions.
Practically, it provides actionable insights for project professionals by illustrating Al applications through real-world case
studies, enabling informed adoption and implementation. These dual contributions aim to bridge the current gap between
academic research and managerial practice in Al-driven PRM.

The remainder of this paper is structured as follows. Section 2 reviews the relevant literature. Section 3 outlines the
methodology employed in this study. Section 4 presents the results, including findings from the case studies and evidence-
based analysis of Al's effectiveness in PRM. Finally, Section 5 concludes the paper by summarizing the key insights and
suggesting directions for future research.

© [JISPM | ISSN:2182-7788 | ijispm.sciencesphere.org 3


http://www.sciencesphere.org/ijispm

International Journal of Information Systems and Project Management (IJISPM)
2026, 14(2), e140204, DOI: 10.12821/ijispm140204

2. Related literature

2.1. Traditional approaches to project risk management: key elements and limitations

PRM is a critical discipline aimed at identifying, assessing, mitigating, and monitoring risks that could negatively impact
the success of a project. Traditional approaches to PRM have been the cornerstone of this process, providing structured
methods to address uncertainties within projects. However, as project complexity has increased, the limitations of these
methods have become apparent, highlighting the need for more advanced and dynamic approaches (Uzzafer, 2010).

Traditional risk management revolves around four core elements: risk identification, assessment, mitigation, and
monitoring (Larson & Gray, 2014; Rahi, 2019). These elements provide a systematic framework to manage risks
throughout a project's lifecycle. The literature emphasizes that PRM is not a linear process, as it might initially appear, but
rather a cyclical one, with feedback loops interconnecting its various elements (Pym, 1987). These feedback loops facilitate
the continuous refinement of risk strategies, allowing adjustments based on updated information and evolving project
conditions.

= Risk identification involves systematically identifying uncertainties that could affect project objectives. Traditional
techniques such as brainstorming sessions, checklists, and expert judgment are commonly used (Mojtahedi et
al., 2010; Yim et al., 2015). However, critiques in the literature highlight their reliance on stakeholder input and
experience to compile a list of potential risks. While effective for basic identification, they often miss hidden or
emerging risks due to their dependence on subjective perspectives (Beaudrie et al., 2016).

Risk assessment focuses on evaluating the likelihood and potential impact of the identified risks. Traditional risk
assessment employs both qualitative and quantitative methods. Qualitative tools such as risk matrices and
probability-impact charts categorize risks to help prioritize responses. Quantitative methods, such as Monte Carlo
simulations and decision trees, use data to calculate probabilities and model potential outcomes (Beaudrie et al.,
2016; Larson & Gray, 2014; Liu et al., 2017; Mican et al., 2020). Although these methods offer valuable insights,
they can be constrained by the availability and quality of historical data, as well as the inherent uncertainty in
predictions. Monte Carlo analysis, in particular, relies heavily on predefined probability distributions, making it
less effective in fast-changing or poorly understood risk environments.

Risk mitigation focuses on strategies to reduce the likelihood or impact of risks. Common approaches include
risk avoidance, transfer (e.g., through insurance), reduction, or acceptance. Mitigation planning often involves
creating contingency plans or adjusting project schedules and budgets (Bhoola et al., 2014). However, scholars
often critique these methods for being reactive rather than proactive, addressing risks only after they materialize.
They also tend to lack realtime adaptability, which can reduce their usefulness in dynamic or high-velocity
projects.

Risk monitoring is an ongoing process that tracks identified risks, evaluates the effectiveness of mitigation
strategies, and identifies new risks. Traditional approaches rely on regular updates to risk registers, progress
reports, and periodic review meetings (Kaur & Singh, 2018). These methods, while essential, are often static and
may fail to adapt to dynamic changes in project environments.

While traditional approaches provide a robust foundation for managing risks, they face significant limitations that reduce
their effectiveness in modern, complex projects. Recent literature critiques their static nature, noting that they capture
risks at a specific point in time but fail to adapt to evolving project conditions (Fridgeirsson et al., 2021). Qualitative
techniques, despite their utility, are prone to human biases, which can compromise the accuracy and reliability of risk
evaluations (Shang, 2017). Similarly, quantitative approaches are heavily dependent on historical data, which may not
always be relevant or available, particularly for innovative or unprecedented projects (Seddik & Rachid, 2023).
Furthermore, as project complexity increases, traditional methods struggle with scalability, often proving inadequate for
processing large volumes of data and addressing interconnected risks (Fridgeirsson et al., 2021).
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In addition to these widely recognized limitations, specific methodological tools such as the Delphi technique have been
critiqued for being time-consuming and subject to participant bias. Statistical models often presume linear relationships
and fail to accommodate uncertainty inherent in unstructured or incomplete datasets. These constraints become especially
problematic in complex projects that generate high-frequency or high-volume data, where adaptability and responsiveness
are essential. To synthesize these challenges, limitations in traditional PRM methods can be categorized into three
dimensions:

= Theoretical gaps refer to the inability of traditional methods to adapt or learn over time. For instance, methods
like Monte Carlo simulation are built on predefined assumptions and do not evolve as new risk data emerges. In
contrast, machine learning algorithms continuously update their risk models based on ongoing data streams.

= Methodological gaps arise from traditional methods’ reliance on structured inputs, often numerical or expert-
driven, and their limited ability to handle unstructured data or automate updates. Delphi, for example, is highly
qualitative and labor-intensive. By contrast, NLP allows the automated extraction of risk signals from large
volumes of textual data (e.g., reports, emails).

= Contextual gaps relate to how well a method generalizes across industries or scales. A risk matrix used in
construction may not suit agile software projects or supply chain disruptions. However, Al models, particularly
those using transfer learning, can be fine-tuned for different domains, enhancing cross-context applicability.

These gaps reveal the need for a new generation of risk management solutions that can accommodate complexity,
uncertainty, and speed. Emerging technologies, such as Al, offer transformative potential by enabling real-time analysis,
predictive insights, and proactive risk mitigation, which will be explored in subsequent sections.

2.2. Key trends of Al in project risk management

Al has emerged as a transformative force in PRM, offering advanced capabilities that extend beyond the limitations of
traditional approaches. The growing complexity and dynamic nature of modern projects have necessitated innovative
solutions to enhance the identification, assessment, mitigation, and monitoring of risks (Uzzafer, 2010). The literature
increasingly highlights the integration of Al technologies, such as machine learning (ML), natural language processing
(NLP), and predictive analytics, as pivotal in reshaping risk management practices. These technologies provide real-time
insights, automate processes, and enable proactive decision-making (Yadav et al., 2024). This section explores the key
trends driving the adoption and integration of Al into PRM. These trends collectively highlight the transformative potential
of Al in overcoming traditional PRM limitations, paving the way for a more adaptive, data-driven, and proactive approach
to managing risks.

2.2.1. Widespread adoption of predictive analytics

One of the most significant trends in Al-driven PRM is the adoption of predictive analytics to anticipate potential risks and
outcomes. Predictive analytics leverages historical and real-time data to forecast the likelihood of risks occurring and their
potential impacts. For example, Al algorithms can analyze past project performance data to identify patterns and
correlations, enabling project managers to predict delays, cost overruns, or resource shortages with greater accuracy
(Moussa et al., 2024). This trend is particularly prominent in industries such as construction and manufacturing, where
large datasets are readily available, and predictive insights can drive strategic decision-making (Khodabakhshian et al.,
2024; Sahli et al., 2023). Recent comparative analyses, such as the work of Yazdi et al. (2024), further reinforce this
trend by emphasizing that machine learning-based models significantly enhance the accuracy and reliability of risk
identification and prediction compared to traditional qualitative and probabilistic methods. Their findings highlight Al's
capacity to improve early risk detection, manage uncertainty, and support more proactive risk mitigation strategies across
complex projects.
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2.2.2. Integration with Big Data and loT

The convergence of Al with big data analytics and the Internet of Things (loT) is another notable trend. Modern projects
often generate vast amounts of data from diverse sources, including sensors, devices, and systems. Al-powered tools are
increasingly being integrated with loT platforms to process and analyze this data in real-time (Jahan Karamthulla et al.,
2024). For instance, in infrastructure projects, Al systems can monitor equipment performance and environmental
conditions through loT sensors, providing early warnings of potential failures or risks (Villegas-Ch et al., 2024). This
integration enhances the ability to monitor complex projects dynamically and make data-driven decisions.

2.2.3. Enhanced text and document analysis with NLP

NLP is revolutionizing the way textual data is analyzed in PRM. NLP algorithms can extract meaningful insights from
unstructured data, such as project reports, meeting minutes, and contractual documents (Turner, 2023). Through
identifying keywords, phrases, and sentiment patterns, NLP tools can uncover hidden risks and provide project managers
with actionable insights (Gao et al., 2024). For example, an NLP system can analyze communication logs to detect early
signs of conflict or misalignment among stakeholders, enabling timely interventions (Goncharenko, 2024).

2.2.4. Automation of risk management processes

Al is driving the automation of routine and labor-intensive risk management tasks, allowing project managers to focus on
strategic activities. Tasks such as updating risk registers, generating risk reports, and monitoring compliance with
mitigation plans are increasingly being automated through Al-driven platforms (Yazdi et al., 2024). Automation improves
efficiency while reducing the likelihood of human error in repetitive processes, ensuring a more consistent and reliable
approach to risk management (Jahan Karamthulla et al., 2024; Soares et al., 2020).

2.2.5. Al-augmented decision-making

The role of Al in supporting and augmenting human decision-making is a growing trend. Al systems are not intended to
replace human expertise but to complement it by providing data-driven recommendations and simulations (Mariani &
Mancini, 2024). Decision support systems powered by Al can present project managers with multiple scenarios, along
with the associated risks and opportunities, enabling informed choices. These tools also enhance collaboration by providing
a shared platform for stakeholders to visualize risks and agree on mitigation strategies (Taheri Khosroshahi, 2024).

2.2.6. Industry-specific applications and customization

Al applications in PRM are becoming increasingly tailored to industry-specific needs. For instance, in the finance sector,
Al is widely used for fraud detection and cybersecurity risk assessment (Gautam, 2023), while in healthcare, Al-driven
tools help manage clinical trial risks by predicting patient outcomes and resource requirements (Mohammed et al., 2024).
Customization of Al tools to address the unique risk profiles of different industries is a growing focus, enhancing their
effectiveness and adoption (Csiszar et al., 2020).

2.3. Emerging research streams in Al for project risk management

The integration of Al into PRM is redefining traditional approaches, transforming how risks are identified, assessed, and
mitigated, particularly in increasingly complex and dynamic project environments (Li et al., 2024). Through a detailed
analysis of the literature, several interconnected research streams have emerged, showcasing how Al is being leveraged
to address critical challenges and enhance decision-making processes in PRM. These streams collectively reflect a shift
towards more intelligent, adaptive, and domain-specific risk management strategies, facilitated by cutting-edge
technologies.

Several review studies have laid foundational insights into the evolution of Al in PRM. Tian et al. (2024) conducted a
comprehensive bibliometric and systematic literature review on Al in construction risk management, identifying dominant
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themes, research clusters, and collaboration networks that shape the field's intellectual structure. Afzal et al. (2021)
provided a comprehensive classification of Al techniques used for risk assessment in construction, emphasizing
complexity-risk interdependencies. Khatib et al. (2021) highlighted the trajectory of Al applications in both project and risk
management, mapping key developments and research gaps. Sousa et al. (2021) and Secundo et al. (2024) reviewed
how machine learning has enabled new strategic capabilities in PRM and shifted it toward predictive and autonomous
models. These reviews informed the current research landscape by highlighting methodological advances, implementation
barriers and the potential of Al to enhance risk responsiveness.

One of the most transformative advancements in this field is the application of machine learning (ML) to analyze vast
datasets, uncover hidden patterns, and predict risks with high accuracy. For instance, Gondia et al. (2020) demonstrated
the efficacy of ML models such as Decision Trees and Naive Bayes in forecasting project delays within the construction
industry, while Haghighi & Ashrafi (2024) proposed an ML-integrated framework for software projects that ranks risks and
predicts project success or failure based on risk profiles. The Engineering Machine-learning Automation Platform (EMAP)
developed by Choi et al. (2021) further exemplifies how ML enhances contractor decision-making in engineering projects,
predicting risks at various project stages. These findings are echoed by Sousa et al. (2021), who claimed that ML-enabled
tools provide superior risk detection and response rates compared to traditional methods. These applications highlight the
central role of ML in enabling proactive risk management and fostering resilience in project execution.

In parallel, Al-driven decision support systems (DSS) are proving instrumental in elevating risk mitigation strategies. These
systems leverage advanced modeling techniques to provide real-time, actionable insights for project managers. Bayesian
networks, as presented by Xiaocong & Ling (2010), have proven effective in capturing the interdependencies among risks,
facilitating realtime assessments and informed decision-making. Similarly, Zaouga & Rabai (2021) developed an ontology-
based DSS that employs NLP to generate tailored recommendations, addressing specific risk scenarios. Furthermore,
simulation-based models, such as those introduced by Fang & Marle (2012), integrate network-based risk evaluations,
enabling dynamic prioritization and mitigation of interconnected risks. The synthesis by Al-Saffar et al. (2024) further
supports the integration of DSS tools, especially within high-uncertainty domains like construction, where traditional
assessment models underperform. These advancements indicate the growing sophistication of DSS tools, which are
increasingly designed to tackle the intricacies of modern project ecosystems.

Beyond generic applications, Al has found significant traction in domain-specific contexts, where tailored approaches
address unique challenges. For example, in the construction industry, Al supports planning, simulation, and material
sourcing, as highlighted by Makaula et al. (2021), while Gondia et al. (2020) focused on predictive analytics for
construction project delay risks. In software development, Haghighi & Ashrafi (2024) combined ML with decision-making
frameworks to handle uncertainty. Afzal et al. (2021) also noted that industry-focused models are necessary to capture
sector-specific risk interactions, especially in high-stakes environments. These domain-focused innovations reflect the
adaptability of Al in addressing sector-specific nuances and optimizing project outcomes.

A key strength of Al lies in its cognitive capabilities and real-time adaptability, which have revolutionized how risks are
managed during project execution. By leveraging predictive analytics and big data, Elkhatib et al. (2023) demonstrated
Al's ability to proactively identify risks even in highly complex environments, enabling timely interventions. Similarly, Nyqvist
et al. (2024) showcased GPT-4's ability to generate comprehensive risk management plans, significantly outperforming
human experts in certain aspects. Fridgeirsson et al. (2023) contribute to this view by contextualizing PRM within volatile,
uncertain, complex, and ambiguous environments, advocating for real-time intelligent systems to dynamically adapt to
project complexity. These advancements emphasize Al's potential to enhance agility and responsiveness in project
management.

As Al becomes a mainstay in PRM, it brings ethical and societal considerations to the forefront. Transparency and
accountability in Al-driven decision-making, as emphasized by Li et al. (2024), are critical to ensuring stakeholder trust
and adoption. Additionally, Makaula et al. (2021) addressed societal concerns such as job displacement, advocating for

© [JISPM | ISSN:2182-7788 | ijispm.sciencesphere.org 7


http://www.sciencesphere.org/ijispm

International Journal of Information Systems and Project Management (IJISPM)
2026, 14(2), e140204, DOI: 10.12821/ijispm140204

collaborative frameworks where Al augments rather than replaces human expertise. Secundo et al. (2024) similarly
suggested that organizations must not only adopt Al tactically but align it with ethical governance and cross-functional
learning practices to ensure sustainable transformation. Such considerations are pivotal in balancing technological
advancement with societal well-being,

Lastly, the integration of emerging technologies, such as drones, robotics, and loT, in conjunction with Al solutions, is
significantly enhancing PRM practices. During the COVID-19 pandemic, El khatib et al. (2023) illustrated how drones,
powered by Al-driven analytics, effectively mitigated unknown-unknown risks by reducing infection risks with high accuracy.
Similarly, Qasim et al. (2022) emphasized the utility of drones for safety and risk assessments in construction projects,
particularly during restricted site access. These technologies, when combined with Al capabilities such as real-time data
processing and predictive analytics, serve as valuable extensions of Al's functionality, bridging gaps in physical
accessibility, operational efficiency, and decision-making precision. This synergy between Al and emerging technologies
emphasizes the holistic potential of integrated systems to effectively address complex risk management challenges.

3. Research methodology

This study adopts a qualitative and evidence-based research methodology (Robinson et al., 2021) supported by a
triangulated approach (Mishra & Rasundram, 2017) to explore the transformative role of Al in PRM. The choice of
methodology is driven by the exploratory nature of the research objectives, which aim to understand both the conceptual
contributions and the practical applications of Al across PRM functions. This section outlines the philosophical foundation,
design rationale, and implementation of the research methods employed in this study.

3.1. Research philosophy and design

This study adopts an inductive reasoning approach that allows patterns, themes and insights to emerge through the
integration of multiple data sources (Jebreen, 2012). The exploratory nature of this research, together with its objective to
draw generalizable insights from qualitative data and understand emerging phenomena such as Al-driven PRM, makes
the inductive approach highly suitable. Furthermore, the study’s philosophical stance is aligned with constructivism (Guba
& Lincoln, 1994), which posits that knowledge is co-constructed through interaction, experience and interpretation. This
paradigm supports the integration of academic theory, industry expertise, and practical case experiences to capture the
multidimensional nature of Al's role in PRM.

Given this orientation, a qualitative design was adopted to capture the complexity, diversity and dynamic characteristics
of Al applications in PRM. Triangulation was employed to enhance the validity and richness of findings through the
integration of three complementary streams of evidence: (1) academic literature, (2) industry and consulting firm reports,
and (3) real-world case studies. This approach enables a comprehensive and multi-perspective understanding of the
research problem, allowing for convergence of evidence and cross-validation of insights (Patton, 1999). The overall
research methodology framework is summarized in Figure 1.

3.2. Mapping study of Al’s role in PRM

The initial phase of the research involves a mapping study to systematically analyze the influence of Al technologies on
key elements of PRM. This mapping exercise is structured to identify the ways Al enhances risk identification, assessment,
mitigation, and monitoring, as well as its ability to overcome the limitations of traditional methods.

The mapping study commenced with the design of comprehensive search keywords related to Al technologies and PRM
functions. A structured search was conducted using major academic databases such as Scopus and Web of Science,
covering publications from 2010 to 2024. The following Boolean search string was applied: ("Project" AND ("Risk
management" OR "Risk identification" OR "Risk assessment" OR "Risk mitigation" OR "Risk monitoring" OR "Contingency
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plan") AND ("Artificial intelligence" OR "Machine learning" OR "Predictive analytics" OR "Natural language processing"
OR "AI" OR "ML" OR "NLP")). Articles were included if they were peer-reviewed, focused on the application or impact of
Al in PRM, and provided empirical or conceptual insights. The filtration process involved three stages: (1) an initial
screening of titles and abstracts to exclude irrelevant or duplicate records; (2) a full-text review to assess alignment with
the research objectives; and (3) classification of eligible articles based on the PRM components they address (e.g.,
identification, assessment, mitigation, or monitoring). Inclusion criteria required studies to demonstrate a clear link
between Al applications and project risk functions, while exclusion criteria eliminated articles that were not in English,
lacked peer-review, or addressed Al in non-project contexts. Identified sources were then categorized based on the PRM
components they address, and synthesized to reveal trends, technological enablers, and use cases.

3.3. Evidence-based analysis

The second phase involves evidence-based analysis using insights derived from industry and consulting firm reports. This
phase bridges the gap between academic theories and real-world applications of Al in PRM by leveraging data and insights
from authoritative industry sources. To ensure the relevance and reliability of the findings, sources were selected based
on the following criteria:

= Pyublications by reputable consulting firms and organizations, such as Gartner, KPMG, Project Management
Institute, among others.

= Provision of quantitative or qualitative evidence of Al's impact on PRM outcomes.

= Coverage of various project management sectors.

Reports were retrieved through targeted searches on official websites, practitioner databases, and public business
intelligence platforms. The extracted data included metrics, success factors, challenges, and best practices associated
with Al adoption in PRM. These findings complemented the academic mapping study by validating observed patterns and
contributing practical insights regarding the implementation and value realization of Al technologies.

3.4. Case study selection and analysis

The third phase of the research involves in-depth analysis of selected real-world case studies to illustrate the practical and
tangible application of Al in PRM. These case studies provide concrete examples that connect theoretical understanding
with industry practices. They serve to contextualize the insights from the mapping study and evidence-based analysis,
demonstrating the practical benefits and limitations of Al in diverse project environments. Case study selection was based
on the following predefined criteria:

= Alignment with PRM components: The case studies must address one or more core PRM elements (e.g., risk
identification, assessment, mitigation).

= |Integration of Al technologies: Selected cases should showcase the application of Al techniques, such as
predictive analytics or NLP, in risk management.

= Industry diversity: To capture Al's cross-sectoral relevance, cases represent industries such as construction,
finance, and supply chain management.

= Documented outcomes: Each case study includes measurable outcomes or qualitative insights regarding the
challenges faced, strategies implemented, and results achieved.

= [nnovative practices: The studies highlight unique approaches and actionable lessons.

Following these criteria, Siemens, JPMorgan Chase, and Turner Construction were selected as representative cases due
to their industry leadership, documented application of Al in PRM, and publicly available information regarding their Al-
driven risk management initiatives. Each case study was analyzed through thematic analysis, focusing on how Al

© [JISPM | ISSN:2182-7788 | ijispm.sciencesphere.org 9


http://www.sciencesphere.org/ijispm

International Journal of Information Systems and Project Management (IJISPM)
2026, 14(2), e140204, DOI: 10.12821/ijispm140204

technologies were integrated, what challenges were encountered, what benefits were realized, and what lessons could be
generalized for broader organizational contexts.

| Keywords identification

© Mapping Study | Systematic literature review

| Categorization of PRM elements

| Industry reports selection
Research
Methodology Evidence-Based Analysis | Data extraction and synthesis
Framework : — .
| Identification of key metrics

| Selection of case studies

© Case Study Analysis | Analysis of Al integration in PRM

— =" = — =" == I = ==

| Derivation of lessons learned

Fig.1. Research methodology framework
4, Results and Discussion

This section outlines the results obtained through the three methodological approaches: the systematic mapping study,
analysis of industry-based evidence, and the assessment of case studies.

4.1. Key insights from the mapping phase

The mapping study serves as the foundational phase of this research, systematically analyzing the transformative impacts
of Al on key elements of PRM. Synthesizing insights from academic literature and industry applications, the study identifies
how advanced Al technologies are reshaping risk management practices and the specific benefits each area can derive
from these trends. Each component was examined to highlight the specific Al technologies leveraged, their resulting
impacts, and the practical implications. This detailed examination provides a structured framework that outlines the
relationship between Al and PRM, highlighting opportunities for optimization and innovation.

Al has enabled significant advancements across all elements of PRM, including risk identification, assessment, mitigation,
and monitoring. For instance, in the domain of risk identification, Al technologies such as ML, NLP, and RPA have
automated the early detection of potential risks by analyzing historical project data and extracting risk-related information
from project documents. Similarly, in risk assessment, tools like predictive analytics and Bayesian networks provide
nuanced insights into the likelihood and impact of risks, while automating the evaluation process to reduce manual effort.
The integration of simulation models, decision support systems, and workflow automation has further optimized risk
mitigation, enabling realtime scenario modeling and effective execution of mitigation plans. Finally, in risk monitoring, the
use of real-time data analytics and anomaly detection algorithms ensures continuous surveillance of project progress, with
automated reporting tools streamlining stakeholder communication. Table 1 presents a structured summary of several
impacts, detailing the Al solutions employed, their contributions to enhancing PRM practices, and practical examples of
use cases. These advancements emphasize the ability of Al to enhance accuracy, efficiency, and responsiveness in risk
management, aligning with recent trends in data-driven decision-making and proactive risk mitigation.
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Table 1. Key Al technologies and their impacts across PRM elements with use cases

PRM Al technologies . Supporting
component leveraged Key impacts of Al on PRM Use cases references
- Automated risk detection: Al ' i
eI . - Al-generated risk logs (Al Zarooni & El
models_analyze hlstor!cal project provide project managers Khatib, 2023:
- Machine Learning | data to identify potential risks early |\ "2 ict of potential risks | Erfani, 2023; Fuji
Risk - Natural Language | in the project lifecycle. based on project context. etal., 2022;
P Processing ; ion- Kestenholz, 2023;
Identification , - Document analysis automation: i , > ) £VES,
- Robotic Process NLP techniques extract risk-related Automated systems review | Odejide & Edunjobi,
Automation (RPA) information from project contracts and 2024; Parekh &
documents, while RPA automates | communications to flag Olivia, 2024;
the data extraction process. potential risk factors. Takyar, 2024)
. L - Al models predict project
- Enhanced risk e"a".’?“‘)”- A! delays by evaluating factors
assesses the_probablllty an_d impact like resource availability and (Afzal et al., 2021;
of identified risks by analyzing large task dependencies Atif & Qureshi,
datasets. ' 2024 Baryannis et
- Predictive Analytics . , I - Al systems determine how al., 2019; Basrai &
Risk - Bayesian Networks égag:iglnrﬂgmgfge drgr?t?f?/lmg- specific risks influence Ben Ali, 2024;
Assessment | - Process e . . project outcomes. lacono et al., 2024;
X relationships between risk factors. . -
Automation Tools _ Automated systems Li et al., 2024; Pal
AAutomaf[ed data collection: compile real-time data from et_al., 2023;
utomation tools gather and X Wiesweg et al.,
; various sources to
process data for risk assessment, continuously undate risk 2020)
reducing manual effort. profiles y up
- Optimized mitigation strategies: Al | - Al recommends resource
suggests effective risk response reallocation to address
strateg_ies by simulating various potential bott]enecks,_ _ (Kestenholz, 2023;
- Simulation Models scenarios. ensuring project continuity. Lietal, 2024; o
Decisi . . Odejide & Edunjobi,
Risk - Decision Support - Automated demsmn—makln_g. AI -Al e\_/aluates the_ 2024 O'Neill
Mitigation Systems systems provide actionable insights | effectiveness of different 20241 Yaseen’
g - Workﬂo.w for risk response planning. mitigation plans. 2021{ Yazdi e{ al
Automation - Streamlined risk response - Automated systems trigger | 2024; Oztemel &
execution: Workflow automation predefined responses to Tuncer, 2024)
implements mitigation actions emerging risks, minimizing
promptly. delays.
- Continuous risk surveillance: Al - Al identifies schedule
monitors ongoing project activities slippages by analyzing real- | (Algheetany et al.,
Real-Time Dat to detect deviations frjom the plan time progress data, enabling | 2024; Chenya et
/-A ela -lime Data ' prompt corrective actions. al., 2022; Harish &
) nalytics ' - Proactive Issue Resolution: Al . Mansurali, 2024; Li
Risk - Anomaly Detection anticipates potential broblems - Al alerts project managers etal. 2024
Monitoring Algorithms beforgthe pescalate P to emerging risks based on Loftli’s 200’3,
- Automated y : data trends. O’Neili 2024’,
Reporting Tools - Automated Risk Reporting: Tools ' :

generate and distribute risk reports
without manual intervention.

- Automated systems
compile and send daily risk
summaries to stakeholders.

Prasanth, 2024;
Soravito, 2023)
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4.2. Evidence-based analysis of Al role in PRM

Building upon the insights from the mapping study, this section examines the tangible impacts of Al integration into PRM
by analyzing data from industry reports and consulting firm publications. These sources provide empirical evidence of how
Al technologies enhance risk management practices, leading to measurable improvements in project outcomes. The
market for Al in trust, risk, and security management was valued at $1.7 billion in 2022 and is expected to grow to $7.4
billion by 2032, with a compound annual growth rate of 16.2% (Allied Market Research, 2023). This exponential growth
highlights the increasing adoption of Al in PRM, as organizations recognize its potential to deliver cost savings, efficiency
gains, and more proactive risk management strategies. Key evidence-based metrics demonstrating the benefits of Al
integration into PRM are summarized in Figure 2.

Cost Reduction and Efficiency Enhancement Enhanced Risk Identification and Assessment Increased Agility and Resilience

Al reduces incident

Elimination of up to 80% Tmproves risk assessment

L . response time by up to
of traditional project accuracy by 20% and 90..2 e
risk management work. identifies compliance '

8 O % saves up to 15% of 2 0 % issues 30% faster than 9 O % AI drives agility and

traditional methods. resilience with real-time
risk monitoring and
adaptive responses.

operational costs in the
risk management industry

Source: Gartner, Costello, 2019 Source: Project Management Institute, PMI, 2024 Source: KPMG, Basrai & Ben Ali, 2024
Improved Decision-Making and Planning Enhanced Monitoring and Control Strengthened Compliance and Governance
Al-driven models Al tools highli Al-driven compliance
improve forecasting tools hug ght tools assess risks 30%
- 0,
accuracy by up to 40%. potential risks 25% faster and more
4 0 % . 2 5 % fﬂs‘.:l.l Yanldbreg:;c; false 3 O % accurately compared to
Al processes data with positives by 30 7o, manual processes
95% accuracy, enabling ensuring proactive
swift and informed project monitoring.
decisions.
Source: Hackett Group, Takyar, 2024 Source: Zipdo Consulting, Lindner, 2024. Source: Zipdo Consulting, Lindner, 2024.

Fig. 2. Evidence-based metrics from industry leaders

4.2.1. Cost Reduction and Efficiency Enhancement

The adoption of Al in PRM has been shown to significantly reduce costs and improve efficiency. According to a report by
Gartner (Costello, 2019), Al can automate routine tasks in project management including risk management processes,
potentially eliminating up to 80% of traditional project management work, thereby allowing project managers to focus on
strategic activities. Additionally, Al-driven predictive analytics enable more accurate forecasting of project risks, which can
lead to a reduction in contingency costs and more efficient resource allocation. Furthermore, the adoption of Al in PRM
has led to significant cost reductions and efficiency improvements across various industries. For instance, according to a
report by Zipdo Consulting (Lindner, 2024), Al can save up to 15% of operational costs in the risk management industry,
improve the efficiency of claims processing by up to 60% in the insurance industry, and reduce the time needed for credit
risk analysis by up to 70% for banks.

4.2.2. Enhanced Risk ldentification and Assessment

Al technologies, such as ML and NLP, enhance the ability to identify and assess risks by analyzing large volumes of data
to detect patterns and anomalies. The Project Management Institute (PMI) notes that Al can assist in risk identification,
analysis, and provide general recommendations for risk mitigation, thereby improving the comprehensiveness of risk
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assessments (PMI, 2024). This leads to earlier detection of potential issues and more effective mitigation strategies.
Notably, 61% of risk professionals report that Al adoption has increased their ability to forecast risk scenarios (Lindner,
2024). Al-powered risk models can process data from multiple sources simultaneously, improving risk assessment
accuracy by 20%. Moreover, Al-driven risk assessments can identify compliance issues 30% faster than traditional
methods, with an overall improvement in predictive analytics accuracy by 25%. Furthermore, Takyar (2024) indicates that
predictive analytics models driven by Al can reduce project delays by as much as 30% and ensure timeline adherence,
especially in sectors such as IT and software development.

4.2.3. Improved Decision-Making and Strategic Planning

Al significantly enhances decision-making and strategic planning by providing data-driven insights derived from complex
datasets. Leveraging Al for PRM allows organizations to identify trends, optimize resource allocation, and prioritize risk
mitigation efforts effectively. According to a report by Hackett Group (Takyar, 2024), organizations implementing Al-
enhanced risk models report an increase in forecasting accuracy by up to 40%. Additionally, Al's ability to process
structured and unstructured data sources with 95% accuracy has enhanced decision-making capabilities. This capability
reduces decision-making cycles by synthesizing large volumes of data in real time, ensuring swift and informed risk
responses (Lindner, 2024).

4.2.4. Increased Agility and Resilience

Al enables organizations to build more agile and resilient project management practices by providing realtime risk
monitoring and adaptive response mechanisms. According to a KPMG report, Al and machine learning techniques are
transforming risk management in the financial services sector by enabling real-time risk identification and response, which
can be extrapolated to project management contexts (Basrai & Ben Ali, 2024). This agility allows for quicker adaptation to
changing project conditions and external factors, thereby enhancing overall project resilience. For instance, according to
Zipdo Consulting report (Lindner, 2024), Al can reduce incident response times by up to 90%, enabling swift containment
and resolution of issues.

4.2.5. Enhanced Monitoring and Control

Al facilitates continuous project monitoring through real-time data analytics and anomaly detection, enabling prompt
corrective actions. Automated reporting tools provide stakeholders with up-to-date information, improving transparency
and communication. For example, according to a Zipdo Consulting report (Lindner, 2024), Al can reduce cyber incident
response times by up to 90%, highlight potential risk cases 25% faster than traditional methods, and reduce false positives
by 30%. These capabilities ensure that risk monitoring and control remain proactive and precise.

4.2.6. Strengthened Compliance and Governance

Al enhances compliance management by automating the identification and monitoring of regulatory risks. According to
Lindner (2024), Al-driven tools can assess compliance-related risks 30% faster and with greater accuracy compared to
manual processes, ensuring adherence to standards and mitigating regulatory penalties. Moreover, Al systems equipped
with NLP can continuously scan regulatory updates, flagging potential impacts on ongoing projects and ensuring proactive
adjustments. Integrating ML algorithms allows organizations to predict areas of non-compliance before they occur, allowing
for preventive action and improved governance frameworks.

4.3. Case studies of Al-enabled risk management breakthroughs

This section showcases real-world applications of Al in PRM, focusing on notable organizations and their transformative
journeys. Each case study delves into the specific challenges faced by the company in risk management, the Al-driven
solutions deployed, the tangible outcomes achieved, and the key lessons that can inform broader adoption and innovation
in managing project risks.
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4.3.1. Siemens - mitigating supply chain risk with Alpowered intelligence

In today's volatile global landscape, supply chain disruptions pose a significant challenge to businesses across industries.
Siemens, a global technology powerhouse, recognized the need for proactive risk management and turned to Al to enhance
supply chain resilience and optimize operations. This case is developed based on insights from Al Expert Network (2023),
Acain (2023), Perry (2024), and Siemens Press (2023).

Siemens manages an intricate supply chain that spans multiple industries and regions. This complexity presents significant
challenges in risk management, particularly in predicting and mitigating disruptions. Traditional methods often fall short
in processing the vast and diverse data impacting supply chains, such as geopolitical events, natural disasters, and
fluctuating market demands. Maintaining real-time visibility into component availability, potential bottlenecks, and
emerging risks is crucial for informed decision-making but remains a persistent challenge (Perry, 2024). Ensuring business
continuity by minimizing downtime and production delays due to supply chain disruptions is essential to meet customer
demands and maintain profitability.

To address these issues, Siemens acquired “Supplyframe” in 2021, integrating its Al-powered Design-to-Source
Intelligence platform with Siemens “Xcelerator”. This integration enabled realtime insights into global component
availability, demand, cost, and compliance during the design phase (Siemens Press, 2023). Advanced Al algorithms
analyze extensive data from supplier databases, logistics networks, and market trends to identify potential disruptions and
predict their impacts. This proactive approach allows Siemens to implement mitigation strategies, such as securing
alternative suppliers or adjusting production schedules, thereby enhancing supply chain resilience and ensuring business
continuity (Acain, 2023).

This Al-driven approach to supply chain risk management has yielded significant benefits, including enhanced resilience
through improved anticipation and response to disruptions, which minimizes operational impacts. While specific figures
are not publicly available, Siemens reports significant reductions in downtime due to proactive risk mitigation (Al Expert
Network, 2023). Additionally, the company has achieved increased efficiency by optimizing processes, reducing costs,
and improving on-time delivery. Realtime data and Al-powered insights have empowered teams to make informed
decisions and proactively manage risks. This case exemplifies the trend highlighted in the literature (e.g., Yazdi et al.,
2024; Khodabakhshian et al., 2024) where predictive analytics and Al-powered monitoring substantially enhance early
risk detection, resilience, and proactive decision-making in complex project environments. Siemens’ experience
demonstrates the practical realization of these Al-driven benefits, as emphasized in recent academic studies.

The company’s integration of Al into its supply chain risk management offers valuable lessons for organizations aiming to
enhance resilience in complex, global operations. A key takeaway is the importance of proactive risk identification and
mitigation to foresee potential disruptions and implement appropriate strategies. Another critical lesson is the value of
integrating Al solutions within existing digital infrastructures. The incorporation of Supplyframe's platform into its Xcelerator
ecosystem exemplifies how such integration can provide a cohesive digital framework that unifies various operational
facets.

4.3.2. JPMorgan Chase — enhancing risk management with Al-driven strategies

JPMorgan Chase & Co., a leading global financial services firm, operates across investment banking, financial services,
and asset management sectors, serving millions of clients worldwide. The firm manages a vast array of financial products
and services, necessitating robust risk management practices to safeguard assets and maintain regulatory compliance.
This case is developed based on insights from Palakurti (2024), Nimmagadda (2022), Moses (2024), DigitalDefynd
(2024), and JPMorgan (2023).

The company faces multifaceted risk management challenges due to the dynamic nature of financial markets. Traditional
fraud detection methods often struggle to keep pace with sophisticated fraudulent activities, leading to potential financial

© [JISPM | ISSN:2182-7788 | ijispm.sciencesphere.org 14


http://www.sciencesphere.org/ijispm

International Journal of Information Systems and Project Management (IJISPM)
2026, 14(2), e140204, DOI: 10.12821/ijispm140204

losses and reputational damage (Nimmagadda, 2022). Navigating complex and evolving regulatory landscapes requires
meticulous monitoring and reporting to avoid legal penalties. Additionally, manual processes in risk assessment and
compliance are time-consuming and prone to human error which impacts the overall operational efficiency (Palakurti,
2024).

To address these challenges, JPMorgan Chase has implemented advanced Al-driven solutions across various operational
areas. In fraud detection, the bank utilizes machine learning algorithms to analyze vast datasets, enabling real-time
transaction monitoring and the identification of anomalous patterns indicative of fraudulent activity. This proactive
approach enhances the bank's ability to prevent financial crimes and minimize associated losses (DigitalDefynd, 2024).
For regulatory compliance, Al systems automate the monitoring and reporting processes, ensuring adherence to complex
and evolving legal requirements (JPMorgan, 2023). By systematically analyzing legal documents and transactions, these
systems reduce the risk of non-compliance and the potential for legal penalties. Additionally, the integration of Al into
operational workflows streamlines risk assessment and compliance tasks, significantly reducing manual effort and the
likelihood of human error, thereby improving overall efficiency (Palakurti, 2024).

JPMorgan Chase's integration of Al into its risk management framework has yielded significant benefits. The deployment
of Al-driven fraud detection systems has enhanced the bank's ability to identify and prevent fraudulent activities, thereby
reducing financial losses and bolstering customer trust (Nimmagadda, 2022). In regulatory compliance, Al has streamlined
monitoring and reporting processes, ensuring adherence to complex legal requirements and minimizing the risk of
penalties (JPMorgan, 2023). Operational efficiency has improved through the automation of manual tasks, leading to
faster and more accurate risk assessments (Moses, 2024). Notably, the bank's Al-driven Contract Intelligence (COiN)
platform has automated the review of complex legal documents, reportedly saving over 360,000 hours of manual work
annually (DigitalDefynd, 2024). These advancements have collectively strengthened JPMorgan's resilience against
financial crimes and operational risks. This practical deployment aligns with the observations of Mariani and Mancini
(2024), who highlight that Al-driven decision support systems play a pivotal role in enhancing project performance by
enabling faster, data-informed responses to emerging risks and fostering resilience in complex and dynamic environments.
Moreover, JPMorgan's use of machine learning to monitor and detect fraud aligns with Yazdi et al. (2024)’s findings on
the superiority of Al models in handling predictive risk identification compared to traditional qualitative methods.

The bank's experience offers valuable lessons for organizations aiming to enhance risk management through Al. A
proactive approach to Al adoption is crucial, involving significant investment in technology and talent to effectively develop
and implement Al solutions. Ensuring robust Al and model risk governance is essential to maintain the integrity and
reliability of Al systems. Additionally, fostering a culture of continuous learning and adaptation enables organizations to
keep pace with technological advancements and evolving risk landscapes.

4.3.3. Al-driven risk management in Turner Construction projects

Turner Construction Company, a leading North American builder, operates across diverse market segments, including
healthcare, education, commercial, and sports facilities. With a vast portfolio of large-scale projects, Turner faces
significant challenges in identifying and mitigating risks that could lead to project delays, cost overruns, and safety
incidents. Traditional risk management approaches often fall short in proactively addressing potential issues, necessitating
more advanced solutions. This case is developed based on insights from Subramanian & Singh (2024), Ghodsian (2024),
Hyscaler (2024), and Psico-smart Editorial Team (2024).

Turner Construction Company faces multifaceted challenges in PRM. Ensuring worker safety amidst heavy machinery,
heights, and electrical hazards is paramount, as traditional safety measures are often reactive, addressing issues only
after they occur. Unforeseen factors such as weather conditions, labor shortages, and supply chain disruptions can lead
to project delays and increased costs, impacting timelines and profitability. Additionally, handling vast amounts of project
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data manually is time-consuming and prone to errors, affecting decision-making processes. These challenges necessitate
a proactive and integrated approach to effectively mitigate risks and ensure successful project delivery.

To address these challenges, Turner Construction integrated Al-driven strategies into its PRM processes. Implementing Al
systems that analyze real-time data from construction sites enables the identification of potential safety hazards before
they escalate, allowing for timely interventions and reducing the likelihood of accidents (Hyscaler, 2024). Additionally,
employing Al algorithms to analyze historical project data allows Turner to predict high-risk areas, facilitating early detection
of issues and timely mitigation strategies (Ghodsian, 2024). Furthermore, Al facilitates efficient handling of large datasets,
streamlining processes such as document classification, archiving, and retrieval, thereby enhancing regulatory compliance
and reducing manual effort (Psico-smart Editorial Team, 2024). These applications reflect the trends identified in recent
literature (e.g., Gao et al., 2024; Erfani et al., 2023), where Al-driven text analysis and predictive modeling significantly
improve realtime risk monitoring, compliance management, and proactive issue detection in complex project
environments. Turner’s experience highlights the operational benefits of adopting these advanced Al-enabled techniques,
including safer and more efficient project delivery.

The implementation of Al in Turner Construction's risk management processes has led to notable advancements in project
delivery. Al-powered safety management systems have achieved a remarkable 22% reduction in accident rates, as reported
in industry case analyses (Hyscaler, 2024). Furthermore, Al-enabled proactive risk assessment and mitigation strategies
have driven a 12% decrease in project overruns, resulting in more predictable schedules and budgets (Ghodsian, 2024).
Lastly, the automation of data management processes has streamlined workflows, reducing document search time by
30%, enabling project teams to concentrate on critical tasks and optimize resource allocation (Psico-smart Editorial Team,
2024).

Turner Construction's experience offers valuable lessons for the construction industry. It highlights the importance of
proactive risk identification; utilizing Al for early detection of potential issues allows for timely interventions, preventing
minor problems from escalating into major setbacks. Furthermore, seamless integration of Al solutions within existing
project management frameworks ensures a cohesive and effective risk management strategy, making Al-driven insights
readily available and actionable for project teams.

4.3.4. Comparison of Al-driven PRM practices with traditional frammeworks

The findings from the case studies presented in this research reveal a notable evolution in PRM practices compared to
traditional frameworks such as PMBOK. While PMBOK emphasizes structured, linear processes for risk identification,
assessment, mitigation planning, and monitoring, Al-driven approaches introduce dynamic, realtime capabilities that
enhance adaptability and predictive foresight. In particular, the Siemens and Turner Construction cases illustrate how Al-
powered predictive analytics and monitoring go beyond static risk registers, enabling continuous reassessment based on
live data streams. Similarly, JPMorgan Chase's use of machine learning algorithms exemplifies how Al facilitates proactive
risk mitigation compared to the more reactive nature of traditional qualitative assessments. These Al-enabled
advancements complement and extend the foundational risk management principles of PMBOK by promoting more data-
driven, adaptive, and anticipatory risk practices, thereby addressing some of the limitations of traditional frameworks in
complex and rapidly evolving project environments.

5. Conclusion and future research directions

The integration of Al into PRM has proven transformative across diverse industries, addressing the complexities of modern
projects while enhancing risk identification, assessment, mitigation, and monitoring. This study aimed to investigate the
role of Al in PRM through three core objectives: (1) identifying trends in Al adoption for PRM, (2) evaluating its effectiveness
through evidence-based insights, and (3) analyzing real-world case studies to derive practical insights. Leveraging a
qualitative and evidence-based approach, this research synthesized insights from academic literature, industry and
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consulting firm reports, and case studies of leading organizations including Siemens, JPMorgan Chase, and Turner
Construction. The findings revealed significant advancements driven by Al, highlighting its capacity to improve decision-
making, operational efficiency, and resilience in PRM. Case studies demonstrated Al's ability to proactively address risks,
streamline processes, and deliver measurable outcomes such as reduced safety incidents, cost overruns, and enhanced
compliance.

This study contributes to the academic literature by providing a structured synthesis of how Al is applied across key PRM
functions, thereby addressing a critical gap in understanding its role. From a practical perspective, it offers actionable and
evidence-based insights to support project professionals in informed decision-making regarding the adoption and
implementation of Al technologies. Together, these contributions help bridge the gap between scholarly discourse and
real-world application, advancing both theoretical understanding and managerial practice in Al-enabled PRM.

Despite its contributions, this study is not without limitations. It primarily focused on successful applications of Al,
potentially overlooking instances where adoption faced barriers or did not meet expectations. Furthermore, the case
studies predominantly examined large organizations, leaving gaps in understanding the challenges and opportunities for
small and medium-sized enterprises (SMEs). Finally, much of the analysis emphasized immediate benefits, with limited
exploration of Al's longterm impacts on project outcomes, adaptability, and sustainability. In addition to these
considerations, several methodological limitations associated with Al-driven PRM practices must be acknowledged.
Algorithm bias remains a significant concern, as Al systems trained on historical project data may inadvertently reinforce
outdated patterns or overlook novel risks. Data quality issues also pose challenges, as the effectiveness of Al-based
predictions depends heavily on the accuracy, completeness, and timeliness of input data. Furthermore, governance
concerns related to Al transparency, accountability, and ethical oversight continue to evolve, posing risks for organizations
seeking to deploy Al-based risk management solutions at scale. Addressing these challenges through robust governance
frameworks, continuous validation, and ethical design will be essential to fully realizing the potential of Al-driven PRM
systems.

To build on these insights, several future research directions are proposed. First, exploring cases of Al adoption challenges
or failures could offer valuable lessons for navigating barriers and setting realistic expectations. Second, developing tailored
Al frameworks for SMEs could promote wider adoption and inclusivity across organizational contexts. Third, investigating
the ethical and societal implications of Al in PRM will ensure its responsible use. Fourth, longitudinal studies examining
Al's sustained impact on PRM practices could provide a deeper understanding of its role in fostering innovation and
resilience in the face of evolving project complexities. Finally, investigating strategies to mitigate algorithm bias, enhance
data quality, and develop comprehensive governance frameworks for Al-driven PRM systems would be valuable to ensure
ethical, transparent and sustainable deployment of Al technologies in project environments.
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