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Abstract

Purpose — Recent advancements in artificial intelligence (AI) have transformed it from a mere technological
tool to a key strategic asset, able to enhance company value propositions by enabling deeper insights, improved
decision-making and innovative business models. This study empirically examines how AI capabilities
influence value definition, creation and capture in project-based organizations (PBOs) and evaluates the
mediating role of organizational agility.

Design/methodology/approach — Drawing on Resource-Based View and Dynamic Capability View, we
propose that Al capabilities constitute a unique type of organizational capability, enabling project-based
organizations to utilize technological assets and other resources to boost productivity and generate economic
value. The paper employs a survey instrument and a partial least squares structural equation modeling (PLS-
SEM) to assess how Al capabilities impact project value processes and the mediating role of organizational
agility in this relationship.

Findings — The results robustly support all proposed hypotheses concerning the direct effects. Additionally,
organizational agility is identified as a mediator in the relationship between Al capabilities and project value
processes. Our study confirms that developing robust Al capabilities necessitates strategic investment in core Al
resources. This offers implications for managers and policymakers aiming to leverage Al for fostering
competitive advantage.

Originality/value — This paper explores the role of Al capabilities in enhancing project value processes. It
provides empirical evidence highlighting the significance of Al capabilities as essential organizational resources
that enable the leveraging of Al to generate project value. The study supports the hypothesis that technology
alone is insufficient for deriving value from it. This finding underscores the need for strategic investments in Al
capabilities to fully capitalize on the potential of technological advancements.

Keywords Al capabilities, Project value processes, Organizational agility
Paper type Research article

1. Introduction
Over the past few years, artificial intelligence (AI) —intended as a system’s ability to perceive,
interpret and learn from data to support decision-making and organizational goals — has
become a major technological focus for organizations, driven by the widespread availability of
big data, along with advances in innovative methods and infrastructure (HAI Stanford, 2024).
A recent McKinsey report highlights a significant surge in AI adoption across various
organizations. For the past six years, the adoption rate among global respondents’
organizations had remained steady at approximately 50%. However, the 2024 survey
reveals a substantial increase, with adoption rates soaring to 72%. This uptick indicates a
l robust, widespread enthusiasm for Al technologies globally (McKinsey, 2024). However, a
study by MIT Sloan indicates a contrasting trend in the practical impact of AT and machine
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learning (ML) technologies. Despite the wide range of potential applications these International

technologies offer to various industries, the data suggest that their integration has yet to Journal of
yield substantial business value for a majority of companies. Specifically, 70% of Managing Projects
organizations report that Al has had minimal impact on their business operations and 87% in Business

of AI projects never advance to the production stage (MIT Sloan, 2024). This trend is also
reflected in the project management literature, where the anticipated impact of Al on project
business models is discussed but has not yet been empirically investigated (Fridgeirsson et al.,
2021; Holzmann et al., 2022). 113

Some scholars believe that the failure of Al to meet anticipated outcomes is primarily due to
delays in its implementation and the necessary organizational adjustments (Braojos et al.,
2019). Companies need to commit to investing in resources that complement their Al
technologies because these essential capabilities are key to unlocking the potential benefits of
AI (Mikalef and Gupta, 2021; Sahoo et al., 2024). This shift highlights the critical need to
examine how organizations can effectively develop Al capabilities and determine the key
resources they must depend on to support their development (Mikalef and Gupta, 2021).

Within the project management literature, it is recognized that for maintaining
competitiveness through ongoing value creation within the project, as well as its delivery
and sustained capture post-completion, project-based organizations (PBOs) need capabilities
and key organizational resources (Lobo and Whyte, 2017; Mainga, 2017; Moradi et al., 2020).
Building on resource-based view (RBV) and dynamic capabilities view, we argue that Al
capabilities are a distinct form of organizational capabilities that allow PBOs to leverage
technological assets and other resources to enhance productivity and create economic value.
These theoretical frameworks offer a systematic method to evaluate how AI capabilities
impact a PBO organization’s ability to define, create and capture value, which crucially
depends on the quality and alignment of the underlying resources.

Despite the expanding body of literature that has explored the strategic value of digital
transformation on project business and delivery models (Papadonikolaki et al., 2022; Ngereja
et al., 2024; Mariani et al., 2025b), the debate regarding the potential of Al capabilities to impact
project value remains open and calls for further research development. One of the gaps in project
management literature has been the tendency to view Al predominantly as a technological
advancement rather than a business capability. While there is an abundance of papers assessing
the impact of specific Al techniques on project management (PM) processes (Costantino et al.,
2015; Mancini et al., 2023; Mariani et al., 2023), to the best of the authors’ knowledge, there are
none that conceptualize AI as an inherent business capability. This oversight limits the
understanding of AI’s broader role and potential benefits in enhancing business competitiveness
and strategic goals. Additionally, the literature has predominantly focused on technological
capabilities from an internal perspective, neglecting the role of customers and external
stakeholders in strategically leveraging these capabilities (Korotkova et al., 2024; Zhang, 2024).
This oversight has led to an expanding gap in the literature regarding the conceptual linkage
between Al and other theoretical aspects of projects delivery like project value proposition.

To address this gap and enhance our understanding of the “outward” impact of Al
capabilities, we draw upon the frameworks of Bowman and Ambrosini (2000) and Lepak et al.
(2007). Here, value is defined as the perceived capability of a product, service or system to
satisfy the needs of the target user or stakeholder. Thus, value is considered to specifically
pertain to a stakeholder or a group of stakeholders. In strategy literature, a business model is
commonly defined by three fundamental processes: value definition, value creation and value
capture (Chesbrough and Rosenbloom, 2002; Chesbrough, 2007). Drawing on established
research in PM literature (Miterev et al., 2020), our paper employs these three distinct
processes — collectively defined as mechanisms of project value realization, to assess the
impact of Al capabilities. Considering the broad agreement that these processes are inherently
different (Miterev et al., 2020), our research seeks to explore the following question.
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IJMPB RQI1. What is the impact of Al capabilities on project value definition, value creation and
18,8 value capture?

Previous research emphasizes that agility is considered a critical dynamic capability for

leveraging emerging digital trends (Ciric Lalic et al., 2022; Manurung and Kurniawan, 2022;

Kadenic and Tambo, 2023). Authors suggest that rapid decision-making and agility are crucial

for capitalizing on technological advancements (Fosso Wamba, 2022). These qualities enable
114 companies to explore new markets, technologies and skills beyond their existing capabilities,
offering access to external knowledge and resources. This, in turn, helps organizations
maintain competitive business models and accelerate innovation (Akhtar et al., 2018; Chan
etal., 2019). This is proved to be valid also for PBOs (Manurung and Kurniawan, 2022), thus it
is important for our study to examine how this trait affects the interaction between AI
capabilities and the previously defined value processes. To this end, we pose the following
research question.

RQ2. To what extent does agility intervene in the relationship between Al capabilities and
project value definition, creation and capture?

To the authors’ knowledge, there has yet to be a study that examines the intervening role of
organizational agility in the relationship between Al capabilities and project value processes, a
gap that could have significant implications for both practitioners and policymakers. To
address the research questions, this study utilizes a survey methodology and conducts a partial
least squares structural equation modeling (PLS-SEM) analysis. The remainder of the paper is
organized as follows. The next section provides the theoretical foundation and research model
central to this investigation, including the proposed hypotheses. The third section details the
methodology employed, while the fourth section presents the results from the PLS-SEM
analysis. This approach tests the strength of relationships among the model components,
enhancing our understanding of the dynamics at play and offering insights for practitioners and
decision-makers on optimizing project value processes. The fifth section discusses the
findings of the multi-group analysis (MGA), while section six discusses the paper findings
emphasizing their theoretical and practical implications. The paper concludes with an
examination of the research limitations and suggests directions for future research.

2. Theory and hypothesis development

2.1 Resource-based view and dynamic capabilities

The RBV is a known framework in strategic management literature that explains why firms
with similar market conditions can have different performance levels. It argues that a firm’s
competitive edge comes from its unique resources, which must be valuable, rare, hard to
replicate and irreplaceable to foster performance improvements (Barney, 2001; Barney and
Arikan, 2005). Later developments in RBV differentiate between selecting resources and
building capabilities, which are key aspects of the theory. According to (Amit and
Schoemaker, 1993), resources are seen as tradable, general firm assets, whereas capabilities
are the non-tradable, specific skills that allow a firm to coordinate, manage and apply these
resources effectively. Thus, resources are inputs in the production process, and capabilities
represent the ability to utilize these resources to enhance productivity and create economic
value. According to this viewpoint, which we build upon for our paper, the quality and
effectiveness of a firm’s capabilities are contingent on the underlying resources they are built
upon (Makadok, 2001; Sirmon et al., 2007). Building on this foundation, more recent work has
highlighted the need to differentiate between operational capabilities (those enabling efficient,
day-to-day functioning), dynamic capabilities (those allowing firms to adapt, integrate and
reconfigure resources in response to change) and architectural capabilities, which enable firms
to align and coordinate heterogeneous activities and resources across units and levels
(Jacobides and Winter, 2005; Helfat and Peteraf, 2015). This layered understanding is
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particularly relevant to our conceptualization of AI capabilities, which we frame as embedded International

enablers composed of tangible, human and intangible elements. In fact, AI capabilities do not Journal of
operate in isolation, but must be systematically coordinated across technical infrastructure, Managing Projects
managerial skillsets and organizational routines to effectively support both adaptive responses in Business

and cross-functional integration, also in project-based settings (Mikalef and Gupta, 2021).
These dimensions, when orchestrated effectively, may underpin not only the firm’s operational
functioning but also its capacity to reconfigure itself in response to shifting project
environments—thus reflecting both dynamic and architectural roles (Helfat and Peteraf,
2015). The critiques of RBV’s static ontology in rapidly evolving contexts (Krakowski et al.,
2023) have highlighted the limitations of explaining organizational adaptation solely through
the possession of valuable resources. Recent studies in strategic management suggest that Al,
as a potentially transformative technology, is crucial for companies aiming to gain a
competitive edge (Krakowski et al., 2023). It enables the discovery of new business models
through the identification of opportunities in emerging technologies and the capture of new
revenue streams associated with these technologies (Enholm et al., 2022). However, this
process necessitates a thorough reconfiguration and realignment of a company’s resources,
organizational structure and strategic approach (Mikalef and Gupta, 2021). Extending this
argument to PBOs and aligning with the evolution of the RBV into the Dynamic Capabilities
View (DCV) (Teece, 2007), we suggest that the transformation of both PBOs’ business model
propositions and Al capabilities must be underpinned by the development of organizational
competencies that enable sensing, seizing and reconfiguring resources in response to turbulent
environments. These dynamic capabilities — particularly those related to orchestrating AI-
related assets —represent a novel layer of organizational adaptation not previously addressed in
the PM literature (Lobo and Whyte, 2017) and are critical to sustaining competitive advantage
through the effective development and deployment of Al capabilities. Within this dynamic
capabilities’ perspective, the inclusion of organizational agility in our framework further
reinforces the firm’s ability to translate Al investments into meaningful value outcomes.
Agility is understood as a higher-order dynamic capability that enhances the firm’s capacity to
sense changes, respond rapidly and reconfigure resources proactively in dynamic
environments (Ciric Lalic et al., 2022; Kadenic and Tambo, 2023). In project-based
organizations, where uncertainty and complexity are inherent, agility functions as an amplifier
and enabler of AI capabilities, allowing firms to adapt business models, processes and
stakeholder engagement practices in real time (Mariani et al., 2025a). By modeling agility as a
mediating mechanism, we aim to capture how Al capabilities interact with organizational
routines and decision-making processes to support value definition, creation and capture in
volatile project contexts. In summary, our theoretical framework draws on both the Resource-
Based View (RBV) and the Dynamic Capabilities View (DCV) to capture the dual nature of Al
capabilities in project-based organizations. The RBV provides a foundational lens to
conceptualize AI capabilities as valuable, rare and difficult-to-imitate bundles of tangible,
human and intangible resources that can contribute to sustained competitive advantage.
However, recognizing the limitations of RBV’s static ontology in rapidly evolving
technological and organizational contexts, we integrate the DCV to explain how firms can
dynamically deploy, reconfigure and orchestrate these capabilities in response to
environmental turbulence. This combined perspective allows us to conceptualize Al not
merely as a resource, but as an embedded, evolving organizational enabler — activated and
amplified through agility — to shape project value outcomes.

115

2.2 Research model and hypothesis development

Our theoretical background is organized around three core dimensions: (1) the
conceptualization and nature of Al capabilities (tangible, human and intangible), (2) their
impact on the mechanisms of project value realization (definition, creation and capture) and
(3) the role of organizational agility as a dynamic capability that mediates this relationship.
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IJMPB 2.2.1 The AI capabilities construct. Although Al has been a subject of interest for many
18,8 years, the literature still lacks a universally accepted definition. This absence of a consistent
definition to anchor empirical research on AT has resulted in a fundamental challenge in fully
understanding it (Marr, 2018). A common focus across various definitions of Al is its aim to
mimic human learning mechanisms, process information and address states that necessitate
problem-solving (Haenlein and Kaplan, 2019). Following this line of argumentation, scholars
have recently characterized Al as a system’s capability to identify, interpret, draw inferences
and learn from data in order to accomplish predefined organizational and societal goals
(Mikalef and Gupta, 2021). Based on this definition, Al represents an interdisciplinary field
that unveils a new arena of opportunities with practical implications for both businesses and
society at large. Narrow Al, also known as weak Al, refers to Al systems designed to handle
specific tasks or problems — unlike general AI, which can perform any cognitive task that a
human can. Narrow Al is currently the common form of Al in practical business applications,
excelling at defined and structured tasks (Haenlein and Kaplan, 2019). Despite the relatively
sparse research on the business value and application of Al within organizational settings,
some studies have pinpointed challenges associated with successfully deploying Al projects
(Volkmar et al., 2022). Even though the Al-specific technology needed to support these
initiatives is expected to advance rapidly, it is equally crucial to focus on nurturing other
organizational capabilities beyond just the technology (Mikalef and Gupta, 2021; Abou-Foul
et al., 2023). These complementary skills are understood as those that enable an organization
to leverage technology for value creation. This has prompted scholarly research to further
elaborate on the concept of Al capabilities. Table 1 provides a summary of the definitions of Al
capabilities.

The studies mentioned, along with various academic articles and business reports,
underscore the range of resources that organizations must develop to extract business value
from their investments in Al. Mikalef and Gupta (2021) suggest that the foundation of Al
capabilities consists of tangible, intangible and human resources. Tangible resources
encompass data, technology and basic infrastructural elements. Human resources include
both business acumen and technical expertise. Additionally, inter-departmental collaboration,
the ability to adapt to organizational change and a willingness to take risks are highlighted as
three essential intangible resources that are crucial for developing Al capabilities.

116

Table 1. Al capabilities definitions

Authors Definition

Schmidt et al. (2020) Al capability is the ability of organizations to use data, methods, processes and
people in a way that creates new possibilities for automation, decision making,
collaboration, etc. that would not be possible by conventional means

Schmidt et al. (2020) Al-capabilities are digital capabilities that integrate Al-specific assets, for
instance, Al-algorithms, training data, etc. in order to enable value creation

Wamba-Taguimdje et al. Al capabilities could be defined as the firm’s ability to create a bundle of

(2020) organizational, personnel and Al resources for business value creation and capture

Mikalef and Gupta (2021)  An Al capability is the ability of a firm to select, orchestrate and leverage its AI-
specific resources

Sjodin et al. (2021) AI Capabilities are technical enablers of new services and products

Gama and Magistretti AlI Capabilities are the skills and knowledge needed to effectively absorb, master
(2023) and improve Al technologies and to create new ones

Sahoo et al. (2024) AT Capabilities refer to an organization’s utilization of cognitive computing

technologies, proprietary data analytics, machine learning algorithms and
interactive dashboards to enhance strategic decision-making across functional
domains, facilitating the interpretation of complex information and enabling
seamless access to critical insights for informed decision-making by process
administrators and managers

Source(s): Authors’ elaboration
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2.2.2 Al capabilities and project value definition. Project value definition is defined as the International

process of identifying and understanding the value that a project, product or service provides to Journal of
its stakeholders, based on their needs and expectations (Miterev et al., 2020). In PM literature, Managing Projects
the process of value definition is often understood to consist of two key aspects: value sense- in Business

making and value formalization (Martinsuo and Hoverfalt, 2018; Martinsuo et al., 2019). The
value sense-making phase focuses on understanding stakeholder needs, performing
international benchmarking studies and market research to evaluate the potential benefits of
future projects. Value formalization represents a more structured phase where core
stakeholders define the mission and vision. This stage serves to formally solidify the value-
related outcomes and requirements, transforming the collaborative insights from the sense-
making process into a clear and cohesive strategic framework.

Developing Al capabilities can enable organization that operates by projects to gain deeper
insights into customer needs and preferences (Walker and Lloyd-Walker, 2019; Mariani et al.,
2023), allowing them to customize their projects more effectively to meet those specific
demands. For example, in construction projects, research has shown that data mining has been
employed to conduct comprehensive market research, helping organizations analyze vast
amounts of data to identify patterns, trends and customer preferences (Yan et al., 2020). This
allows businesses to understand whether certain types of projects or services are more
profitable or have higher potential for success compared to others (Costantino et al., 2015;
Elnabwy et al., 2024). AT can assist businesses in discovering new opportunities for revenue
growth by enhancing stakeholder analysis strategies and optimizing the selection of products
for their portfolio (Relich and Pawlewski, 2017; Jafarzadeh et al., 2018; Byrum, 2022). Further
the literature has empirically shown the contribution of building AI capabilities to the project
value formalization processes. One of the areas where it is most widely applied is the
stakeholder requirement elicitation process (Dam et al., 2019; Arora et al., 2024). Natural
language often presents challenges such as verbal ambiguity and syntactic vagueness. To
address these issues, researchers have explored the use of Natural Language Processing (NLP)
in the requirements elicitation process (Anwar and Bashir, 2023). For example, syntactically
driven parsing, which groups words into higher-level units like sentences, phrases and clauses
allows for better understanding and interpretation of language (Frank et al., 2012) resulting in
a more accurate definition of stakeholder requirements. Additionally, there is extensive
literature reporting how various Al techniques, such as derivatives of fuzzy logic like Fuzzy
C-Mean (Ramzan et al., 2011), neuro-fuzzy systems (Momeni et al., 2014), optimization
techniques (Alrezaamiri et al., 2020) and machine learning (Hujainah et al., 2021), can be
employed to prioritize requirements in favor of customer needs. These techniques are also
beneficial in cases of change requests during the project outcome definition phase (Naz et al.,
2013). Building on these arguments, we propose the following hypothesis:

117

HI1. AI capabilities positively influence project value definition

2.2.3 Al capabilities and project value creation. Value creation in projects refers to the
process of ensuring that a project achieves its intended outcomes and creates measurable
benefits for its stakeholders (Miterev et al., 2020). According to a recent literature stream, this
encompasses not only delivering the predefined outputs within the project’s scope, time and
budget but also ensuring that these outputs contribute to long-term value creation (Laursen and
Svejvig, 2016). This has led to a shift toward conceptualizing projects as vehicles of value
creation (Laursen and Svejvig, 2016; Martinsuo and Hoverfalt, 2018). Value creation involves
aligning project goals with stakeholder needs, optimizing the use of resources and
continuously evaluating and adjusting project efforts to maximize both monetary and non-
monetary benefits. It is a holistic approach that goes beyond the completion of tasks and
focuses on the overall impact and sustainability of the project’s outcomes for all involved
parties (Haddadi et al., 2017; Svejvig et al., 2019; Sjodin et al., 2020). Literature has shown
that building AI capabilities can have positive impacts on project value creation. Case-based
reasoning, genetic algorithms and artificial neural networks have been proposed as viable
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IJMPB alternatives for the execution of projects’ schedule planning processes (Faghihi et al., 2015).
18,8 ANN and Support Vector Machines models can predict project schedules based on early
planning status updates (Wang et al., 2012; Wauters and Vanhoucke, 2014). Al is increasingly
being applied in project budgeting, particularly in predicting cash flows and estimating costs
(Chengetal., 2010; Cheng et al., 2015; Inan et al., 2022). Al is used effectively for forecasting
resource effort estimates by employing ANN, KNN multiple regression to estimate the
necessary resource effort for specific project tasks (Bisi and Goyal, 2016; Polkowski et al.,
2019), Also, Ant Colony Optimization (Myszkowski et al., 2015) and other optimization
algorithms (Cheng and Yan, 2009; Peng and Liu, 2022) are employed to solve resource
optimization problems. Al applications in project risk management predominantly present
models applied during the risk assessment phase or to select the best set of mitigation actions
(Khakzad et al., 2013; Mancini et al., 2023; Mariani and Mancini, 2023). Besides, Al can
forecast potential long terms outcomes and expected completion dates for projects, enabling
project managers to foresee obstacles and implement preemptive strategies (Flyvbjerg et al.,
2022). Al supports in estimating the Estimate at Complention (EAC) (Cheng et al., 2019) and
to and to perform the earned value analysis (Acebes et al., 2015). Overall, Al capabilities
contribute to project value creation by enhancing planning, control and execution across
various PM processes. Furthermore, recent literature has explored the use of Al in achieving
long-term sustainable outcomes, particularly in the construction sector, highlighting how this
technology can also be employed to realize long-term sustainable project outcomes (Baduge
et al., 2022; Regona et al., 2024). Thus, we put forward the following hypothesis:

118

H2. Al capabilities positively influence project value creation

2.2.4 Al capabilities and project value capture. Value capture is commonly defined as the
difference between the revenues and the costs retained by a firm (Bowman and Ambrosini,
2000, 2010; Mol et al., 2005) and it refers to the process by which firms retain a part of the
value they create (Zott and Amit, 2010; Bos-de Vos et al., 2019). In the field of PM, scholars
distinguish value capture as a process separate from value creation (Laursen and Svejvig,
2016; Miterev et al., 2020) noting that value capture extends all over the project lifecycle
(Chang et al., 2013). Bowman and Ambrosini (2000) differentiate between use value, which is
the customer’s subjective perception of a product’s qualities and exchange value, which is the
actual price paid by the customer that the company is able to retain. In addition to monetary
gains, PBOs rely on generating and retaining non-monetary value aspects to ensure long-term
sustainable competitiveness. Key non-monetary value dimensions highlighted in PM studies
include project quality, client satisfaction, knowledge development and sharing, societal
impact and enjoyment (Bos-de Vos et al., 2019; Lehtinen et al., 2019). Recent research has
empirically demonstrated that AT applications and capabilities can contribute to both monetary
and non-monetary project value capture. For example, Al systems enhance the precision of
conceptual cost estimates by leveraging data from previous projects (Cheng et al., 2010). This
capability acts as an early warning system, enabling decision-makers to anticipate potential
issues and optimize the return on investment (ROI) by circumventing unnecessary
expenditures (Baduge et al., 2022; Li and Zuo, 2024). Al-driven simulation models have
been used to create virtual scenarios that help in decision-making processes. These simulations
are employed to optimize project outcomes by exploring various “what-if” scenarios, allowing
project managers to make decisions based on comprehensive data analysis and potential
outcome predictions (Zhao et al., 2022). Evolutionary algorithms, such as genetic algorithms,
are used in construction and engineering to optimize project finances by minimizing costs and
durations, balancing expenses and ensuring resource allocation meets financial constraints
(Abdel-Khalek et al., 2017; El-Abbasy et al., 2020). Further, ANNs and fuzzy algorithms,
have proved to be effective in facilitating the identification of projects that promise the greatest
maximization of monetary capture (Costantino et al., 2015). In this way, investments are
strategically directed towards projects with the highest potential ROI. This reduces the risks
associated with investing in less profitable or uncertain projects (Ghorbani and Rabbani, 2009;
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Taylan et al., 2014). In building and construction, the use of ANN and genetic algorithms in International

controlling processes and communication between stakeholders leads to fewer reworks, Journal of
thereby reducing value slippage and enhancing customer satisfaction (Hossain and Chua, Managi.ng Prqjects
2014; Trach et al., 2021). Moreover, Al can enable new revenue models, such as subscription in Business

services or platform-based ecosystems, allowing companies to capture value in innovative
ways (Teece, 2018). Beyond monetary optimization, Al technologies can strengthen customer
relationships and satisfaction and improve knowledge management inside the organization.
By anticipating retention and offering individualized services, data mining and Random Forest
algorithms can increase customer loyalty, forging closer bonds with clients and raising overall
contentment (Libai et al., 2020). Additionally, Al-powered knowledge management systems
enhance the ability of PBOs to gather, process and share knowledge effectively. Machine
learning and neural networks automate these processes, preserving insights and facilitating
continuous learning, which is crucial for long-term value retention (Malik et al., 2021;
Taherdoost and Madanchian, 2023). We thus put forward the following hypothesis.

119

H3. Al capabilities positively influence project value capture

2.2.5 The mediating role of organizational agility. Organizational agility can be
conceptually articulated around two core dimensions: flexibility, understood as the ability
to anticipate and prepare for change and adaptability, defined as the capacity to make timely
and informed adjustments in response to environmental dynamics (Harraf and Wanasika,
2015). This distinction aligns closely with the microfoundations of DCV, where flexibility
maps onto sensing, adaptability reflects responding and the capacity to sustain iterative
transformation resonates with reconfiguring or adapting capabilities (Tallon et al., 2019). In
today’s intensely competitive market, organizational agility is becoming an essential asset
(Gligor et al., 2015; Shams et al., 2021; Ferraris et al., 2022) that facilitates innovation and
secures a competitive edge (Santos et al., 2025). With the rise of disruptive digital
technologies, organizational agility has become even more crucial (Trost, 2020; Kiani, 2024).
In fact, recent research increasingly positions organizational agility as a critical enabler for
firms seeking to unlock the value of digital technologies (Akhtar et al., 2018; Chan et al., 2019;
Chan et al., 2019). In the context of IS agility is seen not merely as a technological attribute but
as a strategic capability that allows organizations to sense opportunities, respond rapidly to
feedback and adapt business models in dynamic environments (Fosso Wamba, 2022). Werder
etal. (2021) highlight that agility acts as a leveraging mechanism, amplifying the performance
effects of IT through business model renewal and process adaptation. Lee et al. (2015) also
report that agility reinforces IT investments at the operational level and helps firms take
advantage of operational opportunities, adapt to changing internal and external conditions and
maintain a competitive operational advantage, thus leading to improved firm performance.
Previous research has reported that organizational agility mediates the relationship between
investments in Al technologies and firm outcomes (Fosso Wamba, 2022). The hypotheses
derived from firm-level literature suggest that this line of argumentation can be extended to
PBOs, where organizational has a significant impact on how value is realized within projects
(Conforto et al., 2016). We hypothesize that organizational agility mediates the relationship
between strategic investments in Al capabilities and their successful value definition, creation
and capture. This mediation allows for the effective transformation of AI capabilities into
tangible project benefits, thus enhancing value processes. Consequently, agility not only
facilitates the use of Al but also ensures that its deployment is adaptive and responsive to the
evolving project requirements and external pressures (Ambituuni et al., 2021). Thus, we
propose that while Al capabilities have a positive impact on project value processes, it is the
agility of the organization that determines how effectively these technologies are leveraged to
define, create and capture value within projects. In this sense, agility serves as a dynamic
capability that connects the potential of Al technologies with the realization of value across the
project lifecycle. Therefore, we propose the following hypothesis:

Downl oaded from http://ww. emeral d. conlijnpb/article-pdf/18/8/112/10280253/i j npb-03-2025-0068en. pdf by guest on 30 March 2026



IJMPB H4. Organizational agility positively mediates the impact of Al capabilities on project
18,8 value definition, creation and capture.

3. Research method

The present study employs a quantitative analysis, gathering responses from participants
120 working in project contexts. These participants offer insights into survey questions drawn from
their own observations. Below, the methodological section elaborates on this research
philosophy, detailing the development of the research instrument, the approach to data
collection, issues related to common method variance, sample adequacy and the analysis
software used. Figure 1 shows the research framework employed for the analysis. All
constructs were modeled reflectively, following current PLS-SEM guidelines for conceptually
coherent and empirically correlated dimensions (Hair et al., 2019; Sarstedt et al., 2019). In
particular, AT Capabilities was specified as a second-order reflective-reflective construct
composed of Tangible, Human and Intangible subdimensions, to ensure theoretical fidelity
and alignment with prior research (Mikalef and Gupta, 2021).

3.1 Research instrument

This study utilized a survey method and crafted a research instrument to collect data. The
instrument was split into two parts: the first section collected demographic details of
respondents, including their role, years of experience, the sector their organization operates in
and the number of employees in their organization. The second section was designed to gather
perceptions on topics concerning Al capabilities and project value processes. The second part
of the research instrument was designed drawing from prior research, incorporating and
adapting to the project context, concepts and survey questions about Al capabilities (Mikalef
and Gupta, 2021), project value processes (Miterev et al., 2020; Laursen and Svejvig, 2016;
Martinsuo and Hoverfalt, 2018) and organizational agility (Fosso Wamba, 2022; Ambituuni
etal., 2021). The survey instrument, which is reported in the Appendix, included 10 items for
AT capabilities, which were conceptually grouped into three sub-dimensions — Tangible (5
items), Human (3 items) and Intangible (2 items) — and modeled as a second-order
reflective—reflective construct. Additionally, the instrument included five items for value

Organizational
Agility (OA)

Value Definition

Tangible

Value Creation
(VCR)

Al Capabilities
(AIC)

Value Capture
(VCA)

Intangible

Notes:
Second Order Construct o
First Order Construct )

Figure 1. Conceptual research model linking Al capabilities, organizational agility, and project value
dimensions. Source: Authors’ elaboration
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definition, four items for both value creation and organizational agility and five items for value International

capture. We gathered input from three academic experts specialized in PM research and three Journal of
industry experts to refine the research instrument, ensuring the questions were suitable for Managing Projects
accurately measuring the constructs (Sireci, 1998; Mackenzie et al., 2011). Additionally, nine in Business

project professionals participated in an online focus group to validate the proposed instrument.
After consulting with all the mentioned reviewers, we chose to use a five-point Likert scale for
perception-based items, ranging from 1 (strongly disagree) to 5 (strongly agree). 121

3.2 Data and sample

After finalizing the questionnaire, we focused on gathering data from appropriate respondents,
employing a judgment-based sampling method to do so. We employed the databases AIDA
(Ttalian) and Orbis (International) to assemble a list of 300 international PBOs primarily
engaged in project-based working. We reached out to organizations using the contact
information available in the databases, reaching out primary via email. When we successfully
established communication, we explained the research context and expressed the intention to
connect with senior management experienced in project work. If the initial contact was
delayed or unresponsive, we then used LinkedIn to find potential project professionals within
these organizations who could respond to the survey. Following this method, we successfully
collected data from 167 project professionals within PBOs, with their demographic profiles
detailed in Table 2, resulting in a 56% effective response rate. We administered the survey via
Microsoft Teams, scheduling sessions according to each respondent’s availability. After
setting up the virtual meeting, the survey link was shared through the Teams chat. Each

Table 2. Demographic and company profile of survey respondents

#Number Percentage
Firms size Category Number
<50 79 47%
<250 30 18%
>250 58 35%
Location
Italy 68 41%
Europe 86 51%
World 13 8%
Industry
Construction 40 24%
Engineering 50 30%
Energy 16 10%
Transportation 13 8%
IT 48 29%
Working experience of respondents (years)
<5 4 2%
510 29 17%
10 20 84 50%
>20 50 30%
Respondent work position
Project manager 45 27%
Senior project manager 50 30%
Program manager 37 22%
Director/portfolio manager 35 21%

Source(s): Authors’ elaboration
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IJMPB question was carefully presented to the respondents, who were given time to reflect and

18,8 respond using the five-point Likert scale. This approach was designed to ensure respondents
thoroughly understood each question’s context and could provide well-considered answers.
We guaranteed anonymity regarding personal and organizational information to encourage
forthright responses. This method and the direct administration of the survey minimized
sample selection bias. Data collection was conducted from February to October 2024.

122

3.3 Sample adequacy

Itis essential to assess the minimum sample size required in order to ensure that the PLS-SEM
results have adequate statistical power, allowing for robust results. To address this, we used
different approaches suggested by Hair et al. (2017) including: the 10-time rule, the power
analysis method and the inverse square root. The first method used to verify the sample size is
the 10-times rule, which states that the sample must be at least 10 times the number of
independent variables in the most complex regression in the PLS path model considering both
measurement and structural models. In our model, the most complex construct is Al
capabilities which has 11 indicators; therefore, the minimum sample size would be 110.
However, the minimum sample size should consider also the statistical power. We used the
G*Power software considering a statistical power of 80% and a medium effect size (f%) of
0.15, resulting in 77 observations required (Faul et al., 2009; Hair et al., 2017). In light of the
results obtained from the three approaches described, we conclude that our sample of 167
responses from the questionnaire is sufficient to ensure that our analysis has adequate
statistical validity.

3.4 Biases analysis

In survey-based empirical research, common method variance (CMYV) refers to the variation
among variables that arises from the measurement method itself, rather than from the
constructs intended to be measured. This presents a potential threat to the validity of the
research findings (Hair et al., 2017). The Harman single-factor test, used in the PLS-SEM
context, serves as a diagnostic tool to assess the potential presence of common method bias or
method variation in collected data (Fuller et al., 2016; Aguirre-Urreta and Hu, 2019). This
method involves conducting an exploratory factor analysis on the observed variables within a
specific model. The aim of this analysis is to identify whether a single dominant factor arises,
which could explain a significant amount of the variance observed in the data (Fuller et al.,
2016). In our study, the results of Harman’s test revealed that the first principal component
accounted for only 30.82% of the total variance, indicating that no single factor dominated the
variance. This suggests that common method bias was not a concern in our study, as no single
construct explained the majority of the variance. Additionally, we performed a principal
component factor analysis (PCA) using all study variables and the results confirmed that
variance was distributed across multiple components, reinforcing the validity of the data and
reducing concerns about inflated relationships due to method bias (Hair et al., 2017). It is
fundamental to highlight that to avoid central tendency bias, as well as for improved data
quality and measurement accuracy, we slightly shifted the neutral answer to the disagreement
side. We avoided reducing the scale to an even number of choices in order to ensure not to force
a choice, which would have backfired by potentially increasing frustration or random
answering (Kankaras and Capecchi, 2024).We compared early and late responses to make sure
there was no issue related to the late-response bias. We created two response groups, in
particular the data has been divided into 49 early responses and 118 late responses based on the
submission time and then we performed the Mann—Whitney U-tests for each of the study’s
questions and the corresponding constructs they were used to capture. There was no evidence
of late-response bias in our sample since all p-values turned out to be above 0.05, meaning
there were no discernible differences between the items and constructs (McKnight and
Najab, 2010).
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3.5 Analysis software International

The research framework and hypotheses were analyzed using PLS-SEM via the Smart PL.S4.0 Journal of
software. PLS-SEM is often favored over traditional covariance-based structural equation Managi.ng Prqj ects
modeling (CB-SEM) in cases where there is a small sample size, non-normal data distributions in Business

or a high number of variables —like in this study (Hair et al., 2019). This method is particularly
valuable in exploratory research focused on outcome prediction rather than theory testing
(Hair et al., 2017). PLS-SEM is also advantageous for assessing complex models involving
latent variables and multiple manifest variables (Hair et al., 2019). Moreover, PLS-SEM offers
greater flexibility and efficiency compared to CB-SEM, which typically requires a larger
sample size to ensure stable and reliable results (Hair et al., 2017). Therefore, considering the
exploratory nature of this study and the limited sample size, employing PLS-SEM with
SmartPLS 4.0 was considered a good choice for analyzing the collected data.

123

4. Results

4.1 Measurement model

Evaluating the measurement model involves examining the factor loading for each item in the
construct, assessing construct reliability, checking composite reliability and verifying both
convergent and discriminant validity (Hair et al., 2017). Factor loading, indicate a strong
relationship between each latent variable (i.e. construct) and its observable variables (i.e.
items), as they all exceed the threshold of 0.7, suggesting robust links (Sarstedt et al., 2014; Hair
etal.,2017). The construct Al capabilities was modeled as a second-order reflective—reflective
construct, composed of three theoretically grounded first-order dimensions: tangible, human
and intangible resources. As shown in Table 3, each construct’s Cronbach’s alpha, composite
reliability and Rho_A values surpass the 0.7 benchmark, demonstrating that the measurement
model possesses reliable internal consistency (Hair et al., 2017). Convergent validity is
confirmed by average variance extracted (AVE) values greater than 0.5 for each construct,
indicating a significant common variance among the indicators of each construct (Hair et al.,
2017). Table 4 confirms the discriminant validity of the measurement model. In fact, the HTMT
ratio values fall under the cutoff of 0.85, underscoring a robust discriminant validity of the
model (Hair et al., 2017). Additionally, all variance inflation factor (VIF) values are below the
recommended threshold of 3.3, indicating the absence of multicollinearity among indicators
(Hair et al., 2019).

4.2 Structural model

In PLS-SEM, the structural model represents the stage of analysis that assesses the
relationships among the latent variables (constructs) (Hair et al., 2017). This model is typically
estimated through path analysis, which involves examining the coefficients of the paths that
connect the latent variables. The bootstrapping procedure was conducted using 5,000
resamples with a two-tailed test at a 5% significance level and exact p-values were calculated
based on the percentile bootstrap method implemented in SmartPLS. The results of the
structural model testing are reported in Figure 2, with more details provided in Table 5. The
investigation examined the direct and indirect effects in accordance with the specified
mediation hypotheses. All VIF were checked to assess the potential for collinearity and were
found to be less than the 3.3 threshold (Kock, 2015). All reported f* values exceed the
minimum threshold of 0.02 (Cohen, 2013), indicating at least small effect sizes, while all Q°
values are greater than zero, confirming the model’s predictive relevance according to the
Stone—Geisser criterion (Hair et al., 2019). The path coefficients and the direct, indirect and
total effects between the variables in the research framework were determined using a one-
tailed bootstrapping test with 5,000 subsamples. The direct relationships among variables (i.e.
Al capabilities — Value definition; Al capabilities — Value creation; Al capabilities — Value
capture) showed statistically significant effects, confirming hypotheses H1, H2 and H3.
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IJMPB Table 3. Construct reliability and convergent validity

18’8 Convergent  Composite
Construct Items validity reliability Rho_,a AVE R? VIF
Al capabilities Second-order (Tangible, 0.900 0.880  0.640 1.20
Human, Intangible)
Tangible AIC1-AICS5 (Access to 4 0.868 0.840  0.575 1.02
124 data, services, etc.)
AIC1: Access to data 0.701 1.01
AIC2: Cloud-based 0.702 1.01
services
AIC3: Processing power  0.758 1.01
AIC4: Data storage 0.700 1.00
AIC5: Financial resources  0.773 1.02
Human AIC6-AIC8 (Tech skills, 0.877 0.860  0.705 1.04
Al experts, Business)
AICG6: Data scientists 0.827 1.01
AIC7: Al experts 0.753 1.02
AICS8: Business skills 0.787 1.01
Intangible AIC9-AIC10 I 0.825 0.810  0.700 1.01
(Collaboration, Change
readiness)
AIC9: Inter-departmental ~ 0.702 1.01
coordination
AIC10: Organizational 0.700 1.01
change capability
Organizational ~ OA1-OA4 (Customer, I 0.904 0.905 0.704 0.092 1.10
agility Adaptability, etc.)
OA1: Customer focus 0.724 1.10
OAZ2: Openness to 0.859 1.10
communication
OA3: Flexibility and 0.882 1.11
adaptability
OAA4: Decision-making 0.882 1.10
rapidity
Value VD3-VD7 I 0.876 0.876  0.586 0.332 1.05
definition VD3: Definition of 0.770 1.04
customer requirements
VD4: Market research 0.765 1.05
completeness
VD5: Competition 0.781 1.06
awareness
VD6: Industry 0.733 1.03
involvement
VD7: Differentiation 0.776 1.02
Value creation ~ VC1-VC4 4 0.862 0.873 0.634 0.372 1.06
VC1: Adherence to 0.715 1.05
schedule
VC2: Resource allocation  0.874 1.06
VC3: Activities 0.878 1.08
prioritization
VC4: Project 0.701 1.06

advancement monitoring

(continued)
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Journal of
Convergent ~ Composite Managing Projects
Construct Items validity reliability Rhoa AVE R? VIF in Business
Value capture VP2-VP6 I 0.865 0.875 0.584 0.458 1.09
VP2: ROI 0.702 1.08
VP3: Value slippage 0.790 1.09 125
'VP4: Customer 0.833 1.10
satisfaction
VP5: Brand loyalty 0.771 1.08
VP6: Knowledge 0.718 1.10

development and sharing
Source(s): Authors’ elaboration

Second, we tested the second set of hypotheses H4 (a-b-c). The results show that
organizational agility significantly mediates the relationship between AI capabilities and
the value processes. The direct effect of Al capabilities on organizational agility (§ = 0.313,
p < 0.001) is significant, indicating that AI capabilities positively influence organizational
agility. Moreover, organizational agility has a significant positive effect on value creation
(B = 0.445, p < 0.001), value definition ( = 0.436, p < 0.001) and value capture (3 = 0.617,
p < 0.001), highlighting its critical role in value realization.

5. Multi-group analysis

5.1 Firm size

To understand how the relationships within our model vary depending on firm size, we divided
the sample into three categories: 79 small firms (<50 employees), 30 medium firms (<250
employees) and 58 large firms (>250 employees). Before proceeding with the actual analysis,
it was crucial to ensure that each group had a sufficient sample size. A power analysis
performed using G*Power indicated that at least 36 observations per group were needed to
ensure robust results, assuming a large effect size (f = 0.35), a significance level of 5% and
statistical power of 80% (Hair et al., 2017; Hair and Ringle, 2021; Cheah et al., 2023).
However, the group of medium-sized firms did not meet this threshold, having only 30
observations, which led us to focus our analysis on comparing only small and large firms. To
ensure comparability, it was necessary to verify measurement invariance using the MICOM
(Measurement Invariance of Composite Models) procedure (Hair et al., 2017; Hair and Ringle,
2021; Cheah et al., 2023). This assessment involved three steps. The first step, configural
invariance, ensured that the same model structure was used for both groups, which was
automatically established using SmartPLS. Measurement invariance was assessed using the
MICOM procedure. Configural and compositional invariance were confirmed and mean and
variance equality were established for all constructs (Cheah et al., 2023). Once the partial
measurement invariance was established, the multi-group analysis was performed using
Henseler’s bootstrap-based approach (PLS-MGA) (Henseler et al., 2016). The results
(Table 6) show that the relationship between AI capabilities and organizational agility does not
differ significantly between small and large firms. However, some important differences
emerge in how these constructs influence value processes. Specifically, Al capabilities have a
significantly stronger effect on value creation in large firms (p = 0.002), suggesting that larger
organizations may be better positioned to convert technical capabilities into operational
improvements. Conversely, organizational agility plays a more prominent role in small firms,
where its impact on value creation is significantly greater (p = 0.000). A similar pattern is
observed for value capture: while no statistically significant difference was found between
small and large firms regarding the direct effect of Al capabilities (p = 0.064), organizational
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Table 4. Discriminant validity — heterotrait-monotrait ratio
Al Organizational Value Value Value
capabilities Tangible Human Intangible agility definition creation capture
Al capabilities 1.0 0.82 0.83 0.81 0.68 0.65 0.72 0.63
Tangible 1.0 0.75 0.74 0.6 0.58 0.66 0.55
Human 1.0 0.76 0.62 0.6 0.69 0.59
Intangible 1.0 0.61 0.59 0.67 0.56
Organizational agility 1.0 0.71 0.76 0.78
Value definition 1.0 0.74 0.69
Value creation 1.0 0.73
Value capture 1.0

Source(s): Authors’ elaboration
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Figure 2. Results of direct and mediation hypotheses. Source: Authors’ elaboration

agility once again shows a significantly stronger influence in small firms (p = 0.004). These
findings highlight the critical role of agility in enabling smaller firms to realize value from Al
investments.

5.2 Level of Al implementation

Another MGA was conducted to explore how different levels of Al implementation affect the
relationships within our model. From our survey, we collected data on the level of Al
implementation in each firm. Specifically, 44 firms reported that no action had been taken
regarding Al, 30 firms were in the preliminary study phase, 16 firms were conducting
technical-economic feasibility analyses, 26 firms had Al implementation in progress and 51
firms already had Al in use. We aggregated data to form two categories. The first category,
“Low Al Implementation,” combined firms that had taken no action or were in the early stages
of feasibility analysis, totaling 90 firms. The second category, “High AI Implementation,”
comprised firms that had AT in progress or completed Al implementation, totaling 77 firms.
The statistical power of the two groups was verified using G*Power, ensuring each group met
the minimum requirement of 42 observations, assuming a medium effect size (f* = 0.25), a
significance level of 5% and a power of 80% (Hair et al., 2017; Hair and Ringle, 2021; Cheah
et al., 2023). Equality of means and variances was ensured, so we proceeded with the analysis.
The comparison between firms with low and high levels of Al implementation (Table 7), based
on PLS-MGA results, highlights several relevant differences. The relationship between Al
capabilities and organizational agility was significantly stronger in firms with high AI
implementation (p = 0.042), suggesting that organizations further along in their AI journey are
more capable of converting technological resources into adaptive organizational behaviors. In
these firms, Al capabilities also had a stronger influence on value creation (p = 0.026) and
value definition (p = 0.003), indicating that the strategic benefits of Al become more apparent
when implementation is more mature. Conversely, no significant differences emerged
between the two groups regarding the relationship between Al capabilities and value capture
(p = 0.945) or the effect of organizational agility on value creation (p = 0.478) and value
capture (p = 0.073). These findings suggest that while higher AI maturity enhances certain
organizational outcomes, other value-related effects may depend on additional enablers
beyond implementation level.
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Table 5. Results of structural model — direct and mediating effects
CI
Hypothesis Path p p-values t-value [2.5%-97.5%] VIF £ Q Results
Direct effects
H1 Al capabilities — Value definition 0.274 0.000 5.524 [0.212-0.435] 1.000 0.099 0.177 Supported
H2 Al capabilities — Value creation 0.309 0.000 2.341 [0.037-0.297] 1.108 0.103 0.321 Supported
H3 Al capabilities — Value capture 0.155 0.019 3.631 [0.071-0.239] 1.108 0.038 0.227 Supported
Mediated effects
H4* Al capabilities — Organizational agility 0.313 0.000 3.602 [0.134-0.432] 1.108 0.092 0.265 Supported
H4a* Organizational agility — Value definition 0.436 0.000 7.909 [0.439-0.742] 1.108 0.241 0.177 Supported
H4b* Organizational agility — Value creation 0.445 0.000 5.282 [0.274-0.599] 1.108 0.182 0.321 Supported
H4c Organizational agility — Value capture 0.617 0.000 4.849 [0.236-0.590] 1.108 0.347 0.227 Supported

Source(s): Authors’ elaboration
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Table 6. MGA on firm size results International

Journal of

2-Tailed Managing Projects

Path Path (small VS in Business
coefficient coefficient Difference large)

(small) (large) (small-large) p-value

Al capabilities — Organizational agility 0.411 0.266 0.146 0.271

Al capabilities — Value definition 0.296 0.409 —0.113 0.397 129
Al capabilities — Value creation 0.151 0.595 —0.444 0.002
Al capabilities — Value capture 0.056 0.338 —0.282 0.064
Organizational agility — Value definition 0.503 0.236 0.267 0.133
Organizational agility — Value creation 0.676 0.126 0.549 0.000
Organizational agility — Value capture 0.802 0.360 0.443 0.004

Source(s): Authors’ elaboration

Table 7. MGA on level of Al implementation

2-Tailed
Path Path (low-
coefficient coefficient Difference high)

(low) (high) (low- high) p-value
Al capabilities — Organizational agility 0.153 0.552 0.399 0.042
Al capabilities — Value definition 0.091 0.532 0.003 0.003
Al capabilities — Value creation 0.052 0.432 0.026 0.026
Al capabilities — Value capture 0.144 0.159 0.015 0.945
Organizational agility — Value definition 0.473 0.405 0.535 0.535
Organizational agility — Value creation 0.495 0.412 0.478 0.478
Organizational agility — Value capture 0.455 0.074 0.073 0.073

Source(s): Authors’ elaboration

In addition, we carried out an analysis to explore the relationship between Al capabilities
and the level of AI implementation reported by the companies. The primary aim was to
determine whether there was a significant difference in Al capabilities between organizations
with low and high levels of AT implementation. We employed RStudio, to (1) calculate a
composite score for Al capabilities and then (2) compare it between the two groups using a t-
test (West, 2021). Al capabilities were assessed using a series of indicators (AIC1 to AIC10)
measured through a Likert scale. As Al capabilities is a latent variable, we computed a
composite score to summarize the overall Al capabilities of each organization. This composite
score was derived by applying outer loadings from the prior PLS-SEM model to each
indicator. Each indicator was weighted according to its outer loading, ensuring that the
composite score reflected the relative importance of each indicator:

Al capabilities composite score = (AIC1 * outer loadingaci) + (AIC2 * outer loadingaica)
+ ...+ (AIC10* outer loadingicio) reflected the relative importance of each indicator.

To assess whether Al capabilities differ between organizations with low and high levels of
Al implementation, we conducted a Welch’s t-test (West, 2021). The results showed a
statistically significant difference between the two groups (p < 0.001), with organizations in
the high implementation group reporting significantly stronger Al capabilities. On average,
their composite score was 25.32, compared to 19.67 for the low implementation group. This
substantial gap suggests that higher levels of Al adoption are associated with a more developed
set of Al-related resources and competencies within firms. These findings, represented in
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IJMPB Figure 3, highlight how AI adoption maturity may act as a key enabler for building strategic
18,8 capabilities, rather than being a mere outcome of digital investment.

6. Discussion
The results obtained provide strong support to all the proposed hypotheses regarding the direct
effects. More into detail, the study on PLS-SEM showed that AT capabilities are an important
130 predictor of value definition, value creation and value capture, with stronger effect on value
creation (# = 0.309, p < 0.001), followed by value definition (f = 0.274, p <0.001) and finally
by value capture (# = 0.155, p < 0.001), as well as of organizational agility (f = 0.313,
p < 0.001), where the p coefficient indicates the strength and direction of the relationship
between constructs, with higher values reflecting a stronger impact. Organizational agility is a
mediator of the relationship between AI capabilities and the value processes. Indeed, it has a
significant positive effect on value creation ( = 0.445, p <0.001), value definition (4 = 0.436,
p < 0.001) and value capture (f = 0.617, p < 0.001). The model proved to be robust in
explaining the variance of all three stages of the value proposition, value definition (adjusted
R? = 34.0%), value creation (adjusted R? = 38.0%) and value capture (adjusted R? = 46.5%)
(Hair et al., 2017).

6.1 Implication for theory

This research has several theoretical implications for the emerging literature on Al
capabilities. To the best of the authors’ knowledge, this is the first study that explores the
impact of Al capabilities in PBOs, assessing their effects on project value generation
processes. The results confirm the importance of resources underpinning Al capabilities that
have been discussed in prior studies (Mikalef and Gupta, 2021; Fosso Wamba, 2022). This
theoretical emphasis on Al resource investments underscores that elements such as technical
skills, data infrastructure and cross-functional collaboration are foundational to building
effective Al capabilities (Mikalef and Gupta, 2021; Abou-Foul et al., 2023). The development
of these capabilities requires constant resource allocation, aligning with the RBV (Killen et al.,
2012; Lobo and Whyte, 2017). This study supports and extends the theoretical assertion that
Al capabilities are not just inherent qualities of an organization but must be cultivated through
targeted investments in resources (Abou-Foul et al., 2023; Sahoo et al., 2024). In this sense,
our research builds upon and extends the concept of absorptive capacity (Zahra and George,

30~

20 -

Al Capabilities Composite Score

Low High
Level of Al Implementation

Figure 3. Al capabilities by level of Al implementation. Source: Authors’ elaboration
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2002) by shifting the focus from mere knowledge recognition and assimilation to the strategic International

orchestration of technological and organizational resources necessary for generating value at Journal of
the project level. Further, this study contributes to the literature by empirically demonstrating Managing Projects
that Al capabilities influence project value processes both directly and indirectly through in Business

organizational agility. Consistent with both Fosso Wamba (2022) and Abou-Foul et al. (2023)
our findings confirm agility’s role as a key mediator that enhances the organization’s adaptive
capacity and amplifies the impact of AI assimilation. It further reinforces the theoretical
importance of organizational agility not just as a supportive factor, but as a crucial mechanism
through which AI capabilities realize their full potential in PBOs. This perspective broadens
the theoretical understanding of organizational agility’s role, already outlined in previous
works (Kadenic and Tambo, 2023; Santos et al., 2025) underscoring its direct influence on
value definition, creation and capture as a pathway through which AI capabilities deliver
maximum value. According to Mikalef and Gupta (2021), Al capabilities alone are insufficient
for competitive advantage unless accompanied by complementary resources. Our study
supports this view, showing that specific indicators within Al capabilities, like technical skills
(AICS6), business skills (AIC8) and adequate resourcing (AIC5) significantly contribute to
value definition, creation and capture, suggesting that these capabilities act as VRIN resources
when deployed through adaptable processes that allow firms to respond to dynamic market
conditions (Ghapanchi et al., 2014; Parker et al., 2015). This aligns with RBV’s emphasis on
the synergy between resources and organizational processes, highlighting that AT capabilities
achieve their full potential only when paired with organizational agility. Furthermore, the
variation in Al capabilities’ impact across firms with different implementation levels suggests
that resources at higher levels of maturity offer a greater advantage. Firms with high Al
implementation can better capitalize on their resources, particularly through skilled technical
personnel and robust infrastructure, reinforcing RBV’s view that competitive advantage is
amplified by resource quality and maturity (Barney, 2001; Barney and Arikan, 2005). These
findings suggests that organizations that prioritize resource development can significantly
enhance their value processes, highlighting the strategic importance of Al within RBV as a
high-value organizational asset. Indeed, all the indicators measuring value processes, were
found to be almost equally impacted by changes in the respective latent variable, meaning Al
capabilities’ benefits are proportionally distributed on all aspects of each stage of the value
proposition. The MGA results highlight that the relationship between AI capabilities and
organizational agility varies by firm size. In larger firms, the stronger impact of Al on value
creation suggests that scale enhances the ability to convert Al investments into innovative
outcomes. Conversely, smaller firms appear to rely more heavily on organizational agility to
generate value, positioning agility as a compensatory mechanism for resource constraints.
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6.2 Implication for practice

This study offers empirically grounded insights into how Al capabilities function as value-
enabling organizational resources, providing evidence-based guidance on resource
prioritization within PBO contexts. Figure 4 reports a synthesis of the implications for
practice. First, the findings underscore the importance of investing in targeted Al capabilities,
particularly those that have a strong influence on value definition creation and capture. This is
especially relevant for project-based organizations and decision-makers seeking to align

Level 1 - AI Capabilities (Core Input) Level 2 - Organizational Enablement Level 3 - Value Appropriation (Output)
Al Resourcing Agility

N N . —— . i Alleveraged Value
3 H
@ Technical/Business Skills @ Rapid Decision Making i Appropriation

pr

Figure 4. From Al capabilities to value appropriation: a managerial pathway. Source: Authors’ elaboration

Downl oaded from http://ww. emeral d. conlijnpb/article-pdf/18/8/112/10280253/i j npb-03-2025-0068en. pdf by guest on 30 March 2026



IJMPB digital investments with tangible value outcomes. Among the AI capability indicators
18,8 analyzed, adequate resourcing (AIC5), technical skills (AIC6 and AIC7) and business skills
(AIC8), emerged as the ones managers should focus their attention on. The importance of
human resources highlighted in our findings does not diminish the importance of other Al-
related resources. Rather, it suggests that, while human resources actively drive Al
implementation, other resources, such as data access (AIC1) and inter-departmental
coordination (AICY), function more as supportive assets. This implies that, without a
structured strategic approach, raw data alone may have limited impact on enhancing value
outcomes, thus “making such technically oriented investments alone will most likely not result
in substantial performance” (Mikalef and Gupta, 2021).

The study also highlights the importance of organizational agility as a mediator in the
relationship between Al capabilities and value processes. This insight is particularly relevant
for senior managers and transformation leaders responsible for orchestrating cross-functional
collaboration and ensuring that AI investments translate into adaptive and value-generating
outcomes. Organizational agility proved to be essential in translating Al capabilities into
tangible value outcomes especially in complex, fast-paced environments like the ones PBOs
operate in Fosso Wamba (2022). For managers, this means that investments in Al should be
accompanied by efforts to build an agile organizational culture, characterized by flexible
structures, quick decision-making processes, milestone-driven PM and open communication
channels. Additionally, our research provides insights into the value processes most directly
impacted by Al capabilities and those more significantly influenced by organizational agility
as a mediator. Value creation was found to be the most directly affected by AI capabilities. In
contrast, value capture benefits more substantially from the mediating influence of
organizational agility. This pattern may indicate that monetizing the benefits of Al requires
more than just technical investment — it demands organizational readiness, responsiveness and
the ability to translate operational improvements into strategic gains. From an RBV
perspective, this underscores the importance of dynamic capabilities in transforming Al
resources into sustained economic value, through mechanisms such as service differentiation,
knowledge capitalization or bundled digital offerings (Barney, 2001; Almarri and Gardiner,
2014). For example, a firm that uses Al to improve project scheduling and risk detection (value
creation) may only realize its full competitive advantage if it also adapts its delivery model,
communicates these improvements to clients and leverages them to offer premium or data-
enhanced services (value capture). In this sense, agility plays a crucial role in enabling firms to
appropriate value from AT capabilities, aligning with RBV’s focus on long-term competitive
advantage through strategic resource orchestration.
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7. Limitation and conclusion

This study provides insights into the role of Al capabilities and organizational agility in driving
value within PBOs. Some several limitations should be acknowledged, offering directions for
future research. First, the sample size presents a limitation for the MGA implementation.
Although MGA provided useful insights, the unbalanced sample size limited the extent to
which the analysis could be applied across different groups. Future studies could benefit from
larger and more balanced samples to enable a more robust application of MGA, allowing for
more structured comparisons across different organizational types, firm sizes, Al maturity
levels and even between sector, enhancing the generalizability of findings. Regarding the
industries perspective, this study encompassed a broad range of industries, which, while
providing a diverse perspective, may have diluted some industry-specific insights. Narrowing
the focus to a single industry, such as IT, where AI applications are particularly advanced,
could yield interesting insights on how Al capabilities and organizational agility impact value
proposition within that sector. Although based on quantitative data, this study involves
interpretative reasoning over perceptual constructs. We acknowledge that alternative
interpretations of the findings are possible and that our conclusions reflect a specific
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theoretical framing. Future research may explore different lenses or analytical perspectives to International

validate or challenge these insights. The use of self-reported data for measuring the indicators Journal of
introduce the potential for cognitive biases, as responses relied on the subjective judgment of Managing Projects
participants. To mitigate such biases and broaden conclusions, future research could in Business

incorporate more data collection methods, like case studies or objective performance data, to
provide a more reliable dataset (Rosenman et al., 2011). Additionally, the generalizability of
the findings may be limited by the geographical composition of the sample, which
predominantly includes firms based in Europe. Future studies could expand the geographical
scope to test the model across different institutional and cultural contexts.

This study focuses exclusively on organizational agility as a mediator between AI
capabilities and value processes. While agility proved to be a significant mediator, other
factors may also play essential roles in translating AT capabilities into organizational value. For
instance, other internal organizational characteristics, such as absorptive capacity (Ngereja
et al., 2024) and a data-driven culture (Fosso Wamba et al., 2024), could serve as mediators,
offering further insights into the pathways through which AI impacts value outcomes.

Further, while organizational agility was conceptualized as a dynamic capability, it was
modeled as a unidimensional reflective construct due to the limited number of available
indicators. Future research could benefit from adopting more granular measurement models
that distinguish between agility’s underlying components — such as sensing, responding and
adapting — as suggested in dynamic capability theory (Teece, 2007). Future studies could build
on our findings by integrating key external factors as moderators, reflecting the dynamic
nature of the environment in which organizations operate. Potential external moderators
include environmental dynamism (Sahoo et al., 2024), technology turbulence (Chatterjee
etal., 2023), project complexity (Mata et al., 2023; Serrador and Pinto, 2015), environmental
uncertainty (Serrador and Pinto, 2015; Mata et al., 2023) and environmental turbulence (Guo
et al., 2023). Exploring these alternative mediators and moderators in future research could
provide a comprehensive understanding of how different organizational attributes interact
with Al capabilities in PBOs. Future research could build on our framework to explore broader
societal implications of AI in projects, including ethical concerns, inclusiveness in Al-
supported decision-making and implications for public policy.
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18,8
Table Al. Items and factor loadings
Construct Items
134 Al capabilities AIC1: We have access to a vast amount of data for analysis, including unstructured or

rapidly changing data. This information is organized in data warehouses to facilitate
sharing among business units
AIC2: We have adopted cloud-based services for data processing, enabling the use of
APIs (such as Microsoft Cognitive Services, Google Cloud Vision) for carrying out Al
and machine learning tasks
AIC3: We have the processing power required to support Al applications (e.g.
distributed computing, GPUs) as well as the necessary network infrastructure (e.g.
corporate networks)
AIC4: We’ve invested in scalable data storage infrastructures and state-of-the-art end-
to-end data security
AICS: Our Al initiatives are adequately funded and supported by dedicated teams
AICG6: Our data scientists (or consultants) are proficient in utilizing Al technologies
(machine learning, natural language processing, and deep learning). Additionally, they
are capable of managing data analysis, processing, and security
AIC7: We are hiring experienced data scientists specializing in AI or relying on external
IT consultants
AIC8: Our managers understand the importance of Al initiatives, and they collaborate
with data scientists to identify opportunities and risks associated with such projects
AIC9: Our departments collaborate closely, sharing goals, information, and resources
AIC10: We are able to anticipate potential organizational resistance to change. We
respond in three ways: (1) Communicating the reasons for the change, (2) Engaging in
process re-engineering, and (3) Ensuring senior management commitment to new
values

Value definition VD1: We have strong practices in understanding and defining customer requirements
(e.g. leveraging existing customer data, surveys, customer journey map, social medias)
VD2: We conduct thorough market research before launching new products/services
VD3: We maintain a deep awareness of our competitors’ strengths, weaknesses, and
actions
VD4: Compared to our peers, we consider ourselves proactive in contributing to
industry discussions and initiatives (e.g. fairs, open innovation, university
collaborations)
VD5: Our projects are differentiated from those of our competitors, offering features
that are clearly recognized by the market

Value creation VCR1: Our clients choose us because we are able to meet planned deadlines more
accurately than other companies
'VCR2: Our project teams always have access to the necessary resources to meet their
project goals
VCR3: There is a clear methodology to identify which activities to prioritize along the
project
VCR4: Our company employs systems for monitoring project progress and
performance

Value capture VCA1: The ROI for our projects exceeds the initial projections
VCA2: We are capable of accurately projecting the project value that we are able to
capture and respect such target
'VCAB3: Our clients are more satisfied than dissatisfied with the outcomes of our projects
VCAA4: Customers of completed projects engage us again for future projects
VCADS: Lessons learned from projects are regularly incorporated into the organization’s
knowledge base and easily accessible to employees

(continued)
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Table Al1. Continued International

Journal of
Construct Items Managing Projects
in Business
Organizational OA1: Our project approach is structured through milestones: the partial results of the
agility project are regularly presented, discussed, and validated by the customer
OA2: Along the project delivery, we maintain effective communication with the
customer, ensuring transparency and alignment 135

OA3: In case of changes in the project scope, we are able to fastly update the project plan
and communicate changes to all stakeholders

OAA4: In case of changes in the project scope, we are able to fastly analyze new
information and make a decision

Source(s): Authors’ elaboration

Annex 2

Table A2. Loadings and explained variance (R?) of first-order dimensions on the second-order construct Al

capabilities
First-

Second-order order Loading

construct dimension (standardized) R?

Al capabilities Tangible 0.802 0.643
Human 0.846 0.716
Intangible 0.794 0.630

Source(s): Authors’ elaboration
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