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Abstract

The integration of Artificial Intelligence (Al) and Big Data is increasingly associated with
firms’ resilience in dynamic business environments. This study examines the relationships
between AI-Big Data integration, Al capabilities, supply chain agility, and firm resilience,
with particular attention paid to the mediating roles of Al capabilities and supply chain
agility. Data were collected from 475 experts across firms in Saudi Arabia and analyzed
using Partial Least Squares Structural Equation Modeling (PLS-SEM). The results indicate
that AI-Big Data integration is positively associated with Al capabilities and supply chain
agility, both of which, in turn, significantly contribute to firm resilience. In addition, Al ca-
pabilities show a direct positive relationship with supply chain agility. The findings further
confirm the mediating roles of Al capabilities and supply chain agility in strengthening
organizational resilience. This study contributes to the Dynamic Capabilities View (DCV)
and Knowledge-Based View (KBV) by empirically examining how integrated AI-Big Data
relates to capability development and firm outcomes. The results also provide implications
for managers seeking to align Al and Big Data initiatives with supply chain capabilities to
support resilience in dynamic environments.

Keywords: integration of artificial intelligence with big data (Al-big data); supply chain
agility (SCAG); firm resilience (FR); artificial intelligence capabilities (AICs)

1. Introduction

Artificial Intelligence (Al) is a dynamic interdisciplinary field that integrates computer
science, data analysis, and cognitive simulation to enable machines to perform tasks that have
traditionally required human intelligence, thereby offering innovative solutions to complex
business challenges [1,2]. Currently, Artificial Intelligence (Al) and Big Data Analytics, as
emerging technologies, contribute to enhancing how firms collect and share data in real time
to innovate their supply chain frameworks and strengthen resilience, which ultimately leads
to providing business continuity with more effective competitive advantages [3-5].

In addition, while Al technologies play a key role in the Industry 4.0 framework
by enhancing the development of intelligent information systems throughout the supply
chain [6], the integration of Al and big data presents a significant opportunity to enhance the
quality of data used to train algorithms, and this synergy enables companies to effectively
use their data resources to create meaningful business value [7]. However, despite Al's
growing importance in managerial contexts, there remains an opportunity for management
scholars to deepen their exploration and insights into this area, thereby enhancing our
understanding and application of Al in management over the coming years [8]. Likewise,
there is growing potential for studies to utilize Al and big data to enhance and sustain
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resilience in supply chains [4,9]. This approach promises to improve efficiency in response
to emerging challenges and uncertainties.

Moreover, big data analytics and Al are seen as emerging powerful technologies
that can help firms navigate uncertainty and better predict supply and demand, even
in the face of misinformation [10,11]. Embracing these advancements will strengthen
organizational resilience and advance a more adaptive and informed approach to business
challenges. Furthermore, Zamani et al. [4] emphasize the important role that emerging
technologies, particularly Al and big data, play in empowering decision-makers to address
complicated challenges effectively. They point out that big data tools facilitate operational
transformation by delivering timely perceptions into the supply chain, while Al plays a key
role in developing strategies to anticipate potential risks and impacts, thereby enhancing
overall decision-making processes.

In addition, Bai et al. [12] highlight the increasing importance of supply chain agility
(SCAQG) in the digital era. They emphasize that businesses can unlock the full potential
of digital technologies by effectively integrating them into their supply chains. By imple-
menting this approach, they can facilitate real-time information sharing and collaboration
among all supply chain partners. This proactive approach can improve efficiency and
responsiveness, as highlighted by Kandarkar and Ravi [13] and Li et al. [14]. However,
although there has been considerable research on supply chain agility in relation to various
digital capabilities [15-18], there is an opportunity for further exploration as this topic
is still in its initial stages [12]. Specifically, studies that integrate Al and big data with
supply chain agility and firm resilience could provide meaningful insights and contribute
to stronger frameworks in this area.

Moreover, while firm resilience plays a vital role in enabling companies to anticipate
and recover from disruptions, thereby supporting sustained performance and competi-
tiveness [19], many scholars stress the value of integrated Al tools as these technologies
can significantly enhance predictive capabilities and lead to improved decision-making
processes [4]. Although big data, encompassing both internal and external information and
integrating seamlessly with Al, holds great promise in mitigating uncertainty and enabling
firms to more accurately predict supply and demand [10,11], for many firms, realizing the
full potential of this integration can be challenging. However, by addressing the deploy-
ment and integration obstacles related to their capabilities, firms can significantly enhance
their supply chain resilience [4,20]. Nevertheless, focusing on capabilities that include Al
presents an opportunity for growth and innovation in the supply chain landscape.

To our knowledge, there is a notable opportunity to further explore how integrated Al
and big data can enhance SCAG and improve firm resilience. This study aims to build on
existing studies in this area, drawing on initial work by Zamani et al. [4], Belhadi et al. [10],
and Bai et al. [12], and to contribute to a deeper understanding of these critical concepts.

Also, while previous studies have primarily emphasized the direct effects of artificial
intelligence (Al), big data, and firm performance [21], they consider digital technologies
only as immediate drivers of organizational outcomes and fail to explore the deeper mech-
anisms through which value is truly created. To enhance our understanding, the current
study adopts a capability-based perspective by integrating the Dynamic Capabilities View
(DCV) and the Knowledge-Based View (KBV). From a DCV perspective, Al capabilities are
conceptualized to provide a key perspective on how firms can sense environmental changes
and reconfigure resources in response to disruptions, while from a KBV perspective, the
integration of Al and Big Data significantly strengthens a firm’s capacity to generate and
integrate knowledge. This enhancement is especially important in supply chain processes,
where timely, accurate information improves operational efficiency and effectiveness. Con-

https:/ /doi.org/10.3390/systems14050554


https://doi.org/10.3390/systems14050554

Systems 2026, 14, 554

3 0f27

sequently, this study advances prior research by offering deeper understandings rather
than just confirming direct relationships.

This study provides insights into an important gap in the literature concerning the
integration of Al with big data and its significant impact on SCAG, a key factor in strength-
ening firms’ resilience. Also, the objective of this research is to deepen our understanding
of how Al capabilities, in conjunction with SCAG, contribute to a firm’s resilience. To
explore this, this study is guided by two primary research questions: (RQ1) How does
Supply Chain Agility (SCAG) facilitate the association between integrated Al and Big Data
and firm resilience? (RQ2) In what ways do Al capabilities mediate this relationship? In
addition, this study represents a significant advancement by first examining the specified
variables in Saudi Arabia, which is considered a notable case in digital transformation and
has strong performance on global indices [22,23]. Alaskar [24] emphasizes the need for
Saudi Arabian firms to effectively identify and utilize knowledge to seize opportunities
and address potential challenges, given the importance of careful evaluation decisions in
adopting new technologies, especially within the framework of Vision 2030, which presents
significant opportunities for advancement.

However, this study makes contributions by advancing the literature in three key
areas. First, it explains the importance of Al capabilities and supply chain agility as key
mediators that connect the integration of Al and Big Data to a firm'’s resilience. Second,
it emphasizes that the value of integrated Al and Big Data depends on a firm’s ability
to apply Al capabilities rather than solely on technology adoption [7]. Lastly, it offers
empirical evidence from an emerging-market context, generalizes the applicability of
existing findings, and enriches the understanding of these dynamics.

2. Theoretical Background and Hypotheses Development
2.1. Theoretical Background

The Resource-Based View (RBV) theory provides meaningful insights into the strategic
implications of unique and non-substitutable resources within firms, highlighting the
vital role of capabilities in fostering sustainable competitive advantages and differentiated
innovation outcomes [25]. This perspective led firms to focus on developing and leveraging
their distinctive resources to enhance their long-term success [2,26,27]. In addition, the
topic of integrating information technology as both a resource and a capability offers firms
an opportunity to achieve sustainable competitive advantage, an area that has gained
significant attention from researchers in recent years [28].

However, the distinctive features of Al in terms of its ability to enhance human
cognitive skills and enable meaningful collaboration with humans in decision-making and
problem-solving processes create exciting opportunities that challenge traditional theories
and ultimately shape new sources of competitive advantage for organizations [29-31]. Yet
scholars emphasize that the ability to respond swiftly to environmental changes greatly
benefits from strong dynamic capabilities within firms [32]. Developing these capabilities
can enhance a company’s resilience and adaptability in a rapidly changing market.

Al Mamun et al. [33] argue that an important consideration in competitiveness is that,
while internal resources are vital, relying solely on them can overlook the advantages of
shared supply chain capabilities with partners. By incorporating the Dynamic Capabilities
View (DCV) as an extension of the Resource-Based View (RBV), firms can effectively
address this challenge. This approach encourages the integration of both external and
internal competencies, enabling firms to better navigate and adapt to quickly changing
market conditions [34]. However, scholars emphasize that the ability to respond swiftly to
environmental changes greatly benefits from strong dynamic capabilities within firms [32].
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Developing these capabilities can enhance a company’s resilience and adaptability in a
rapidly changing market.

2.1.1. AI-Big Data and Dynamic Capabilities View (DCV)

Dynamic capabilities have been effectively applied in supply chains to enhance our
perception of customer needs and improve communication [35]. Aslam et al. [36] suggest
that this approach broadens our perspective beyond individual firms, recognizing the
importance of dynamic supply chain capabilities. Notably, they emphasize that supply
chain agility is a key dynamic capability that empowers organizations to seize opportunities
as they emerge, which is fundamental to thriving in unpredictable environments and for
enabling more flexible responses.

While numerous studies have explored the impact of supply chain agility both in
isolation and in combination on firm performance [36—41], there remains a significant op-
portunity to investigate the impact associated with integrated Al and Big Data. Addressing
this gap could yield meaningful insights and advance supply chain management practices.

While supply chain agility is conceptualized as process-level dynamic capability that
empowers firms to quickly sense and respond to shifts in demand by advancing flexibility
and coordination across supply chain processes [38], firm resilience is a higher-order
organizational capability that enables companies to address disruptions and recover to
a stable state [3,19]. Building on the Dynamic Capabilities View [34], the supply chain
agility is seen as a key facilitator of resilience by enhancing a firm’s ability to respond to
environmental changes. However, the relationship between agility and resilience is complex
and not strictly relative, as resilience can be enhanced by developing complementary
capabilities, including redundancy and effective risk management [6].

Mukherjee et al. [42] highlight the growing adoption of the dynamic capability view
(DCV) in supply chains, particularly in response to the increasing complexity of networks.
This approach is central for evaluating and mitigating risks, enabling organizations to
effectively leverage their resources and ensure business continuity in a rapidly changing
environment. Moreover, they emphasize that DCV is particularly effective in enhancing
supply chain agility, promoting sustainability amid disruptions and uncertainties [43].

2.1.2. Al-Big Data and the Knowledge-Based View (KBV)

Building on the foundation of the Resource-Based View (RBV), which effectively
leverages unique resources such as knowledge management, the Knowledge-Based View
(KBV) was developed by Fred Davis in the late 1980s to enhance our understanding by
highlighting the role of knowledge as a strategic resource that drives advanced innovation
outcomes and improves performance [44].

The Knowledge-Based View (KBV) of the firm builds upon the Resource-Based View
(RBV) by emphasizing the unique and firm-specific knowledge that firms possess [45].
This perspective highlights that a company’s diverse knowledge resources play a central
role in achieving and sustaining competitive advantage by advancing and utilizing these
knowledge assets, as firms can create distinctions that are not easily replicated by competi-
tors [45-47]. However, the KBV notably contributes to the fields of information systems and
technological adoption research by encouraging organizations to harness their knowledge
assets for greater success [44].

In addition, while the Knowledge-Based View (KBV) of the firm offers meaningful
insights into the significant economic transformations that have unfolded over the past
two decades as developed economies increasingly rely on the effective management of
information, rather than the production of physical products [45]; Artificial Intelligence
(Al is significantly transforming Knowledge Management (KM) across industries and
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empowering organizations to fully harness their intellectual capital by enabling the effective
creation, sharing, and application of knowledge [48,49]. Al is increasingly being integrated
into knowledge development across multiple fields, presenting exciting opportunities for
enhancement [50]. In business intelligence (BI), for instance, Al can provide deeper insights
and improve decision-making [51], while in customer service, Al can enhance the user
experience and streamline support processes [48]. Embracing these advancements can lead
to significant improvements in efficiency and effectiveness across different domains.
However, big data analytics enhanced by artificial intelligence plays a vital role in
advancing knowledge management [52]. Ferraris et al. [53] suggest that organizations can
significantly enhance their decision-making capabilities by integrating Big Data Analytics
with effective knowledge management practices. This combination enables firms to better
understand and leverage the extensive data from diverse sources, ultimately leading to
more informed, strategic decisions. As a result, these firms can enhance their competitive
performance and make informed decisions for growth and success [52,54,55]. This perspective
provides a theoretical basis for viewing knowledge as a strategic organizational resource.

2.2. Hypotheses Development

This study employs theories of the DCV and the KBV to analyze the relationships
between AI-Big Data, Supply Chain Agility, Al capabilities, and their effects on firm resilience.

2.2.1. Integrating Al with Big Data (AI-Big Data)

Due to the advancements and revolutionization of big data technology, which allow
for the rapid processing of extensive data in various formats, firms have strengthened
their focus on Al as they seek to derive insights from this wealth of data [56]. Accord-
ing to Hossain et al. [57], the emergence of Al and big data analytics as transformative
digital technologies has a significant impact on decision-making and performance across
various industries. This shift is particularly evident in emerging economies, where these
innovations play a central role in enhancing efficiency and strategic growth [57].

While Al is considered an important, innovative analytics tool that streamlines numer-
ous tasks with remarkable efficiency [51], BDA enables firms to process vast amounts of
data to uncover insights that support decision-making and innovation [58]. Research con-
ducted by Adiguzel et al. [59] shows the positive influence of Al capabilities and big data
on sustainability and organizational effectiveness. These findings suggest that embracing
these technologies can significantly enhance operational practices and contribute to a more
sustainable future.

Giachino et al. [60] emphasize the positive impact of integrating artificial intelligence
(AI) with big data, as this combination allows organizations to harness insights from large
datasets alongside Al’s robust data processing capabilities. By leveraging this integration,
companies can enhance their adaptability and scalability, positioning themselves to respond
effectively to evolving environments [61].

Furthermore, while Al capabilities represent a higher-order dynamic capability as
viewed through the Dynamic Capabilities View (DCV) [62], which empowers organiza-
tions to effectively sense environmental changes and adapt their resources accordingly.
Research indicates that both data and Al-related resources constitute key foundational
inputs for developing organizational capabilities, evolving into higher-level capabilities
through processes of integration and learning [7]. According to Mikalef and Gupta [7], the
synergistic integration of Al and big data is instrumental in enhancing companies’ ability
to derive business value from their data resources. Given the substantial training data
requirements of Al systems, access to high-quality data becomes increasingly important,
and by integrating Al and big data, organizations can effectively transform their raw data
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assets into intelligent systems that continuously learn and adapt [7]. This integration
enables the embedding of Al into analytics systems, thereby increasing responsiveness to
dynamic market changes [63].

Moreover, Rana et al. [64] define integrated Al with analytics as a blend of capabilities,
including both machine learning and deep learning, which utilize data to produce diagnos-
tic, descriptive, predictive, and prescriptive information. This highlights the potential for
firms that integrate Al and big data to enhance their Al capabilities by creating the technical
infrastructure for effective Al learning and adaptive intelligence, which are fundamental to
developing strong Al capabilities.

In addition, Singh et al. [3] noted that integrating Al with big data enables accurate
forecasting of demand based on growing data. As supply chains evolve, Al emerges as a
transformative force, greatly enhancing resilience and performance [10]. Chen et al. [65]
noted that while Al and Big Data Analytics (BDA) are innovative tools that effectively sup-
port a firm’s operations, their integration can provide firms with a competitive advantage.
This is achieved by enhancing risk management and improving supply chain activities,
including inventory control and demand forecasting [66].

Furthermore, Hossain et al. [57] highlight the transformative impact of Al and BDA
on various industries in emerging economies. These technologies facilitate new product
development, streamline processes, and strengthen relationships with suppliers and part-
ners. The authors explain that Al and BDA enable businesses to innovate by creating
cutting-edge products that meet the evolving needs of consumers, while also enhancing
operational efficiency by simplifying complex processes [67].

Furthermore, Ma and Chang [68] discuss the impact of Al and big data analytics on
supply chains, emphasizing the critical role of agility in this dynamic environment. They
argue that, although Al is primarily aimed at improving decision-making and streamlining
operations rather than enhancing data-processing capabilities [69], the integration of Al
and big data can significantly enhance supply chain agility. This is achieved by improving
prediction accuracy, enabling firms to navigate shifts in market demand more effectively
through the analysis of complex market trends, historical data, and consumer behavior
patterns [68]. Such agility enables firms to remain competitive in a marketplace where
innovation and adaptability are key determinants of success.

With the growing importance of integrating Al and big data for a firm’s success, the
following hypotheses have been proposed:

H1. The integration of Al and Big Data is positively associated with Firm Resilience.
H2. The integration of Al and Big Data is positively associated with Supply Chain Agility.

H3. The integration of Al and Big Data is positively associated with Al Capabilities.

2.2.2. Supply Chain Agility (SCAG) and Firm Resilience (FR)

Supply Chain Agility strengthens supply chain effectiveness by enabling it to respond
proactively to both internal and external changes [68]. By utilizing available resources, firms
can advance adaptability and respond quickly to emerging challenges [70]. Furthermore,
Richey et al. [71] highlight that agility encompasses a supply chain’s ability to implement
instant adjustments in response to external factors, enabling continuous improvement
and resilience. This concept emphasizes the importance of adaptability in navigating the
complexities of the supply chain environment.

According to Alsmairat and Al-Shboul [72], supply chain agility is fundamentally
rooted in integrated networks designed to respond to market dynamics. This responsive-
ness allows supply chains to exhibit a high degree of flexibility, enabling them to adapt their
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activities effectively to meet customer demands. As highlighted by Singh et al. [73] and Al-
Shboul [74], this adaptability enables firms to ensure that customer needs are consistently
met in a rapidly changing environment. Nevertheless, Al Mamun et al. [33] highlight the
potential of big data analytics to enhance SCAG particularly in unstable environments, as
noted in previous studies [38,75]. Their research indicates that big data analytics advances
greater SCAG and adaptability, and also positively impacts Green Reverse-Supply Chain
(GRSC) practices, thereby enhancing firm performance.

However, while previous studies have examined the relationship between big data ana-
lytics with SCAG [33,75] and supply chain agility with firm performance [42,76-78], there is
an opportunity to further explore its connection with big data integrated with Al and with
firm resilience. Ye et al. [79] show that firm resilience plays a vital role in helping organiza-
tions effectively navigate disruptions and contribute to sustained performance. However,
understanding how a supply chain’s capabilities align with operational resources to adapt
effectively to external change can enhance our understanding of firm resilience [42,80]. This
relationship could provide insights for companies seeking to improve their resilience and
overall performance in today’s dynamic business environment.

In addition, Mukherjee et al. [42] highlight the importance of resilience in supply chains
as a key behavioral response that enables firms to adapt to fluctuating demand and manage
disruptions effectively. They underscore that utilizing information capabilities, especially
those related to Al, plays a vital role in enhancing SCAG, ultimately strengthening overall
performance [68]. However, by integrating the predictive capabilities of Al with the
strength of big Data, businesses can proactively identify shifts in supply and demand, make
informed logistics decisions, and dynamically adjust their operations.

In addition, Ma and Chang [68] highlight the significant benefits of integrating Big Data
within Al in the supply chain (SC) domain, as it enhances collaboration with suppliers and
customers and also plays a critical role in building trust between firms and their suppliers by
effectively reducing risks and promoting traceability. Ultimately, leveraging big data with Al
in the supply chain can lead to more resilient and responsive business practices.

However, while combination of Al and Big Data offers significant opportunities for
organizations by enhancing their ability to process complex information and generate
predictive insights that lead to more effective decision-making [3,7,57], research by Dubey
et al. [81] highlights that integrate AI with Big Data can advance a greater humanitarian
SCAG and resilience within organizations, improving visibility and decision quality.

Expanding on the previous discussion, which shows that the integration of Al and Big
Data systems improves firms’” dynamic capabilities to sense and respond to environmental
changes. This integration also enhances SCAG by allowing for rapid resource reconfigu-
ration. As supply chain agility (SCAG) plays a fundamental role in a firm’s success, the
proposed hypotheses are as follows:

H4. Supply Chain Agility positively affects Firm Resilience.

H5. Supply Chain Agility (SCAG) mediates the association between Integrated AI-Big Data and
Firm Resilience.

He6. Supply Chain Agility (SCAG) mediates the association between Al Capabilities and Firm
Resilience.

2.2.3. Mediating Role of Artificial Intelligence Capabilities (AIC)

Al capabilities represent an advanced framework that integrates human skills and
organizational strengths, drawing from the literature on information technology capabil-
ities [2]. Mikalef and Gupta [7] describe Al capability as an organization’s potential to
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strategically select, integrate, and leverage its Al-specific resources, ultimately leading to de-
veloped performance [82]. This definition provides a meaningful perspective by extending
the concept of Al beyond individual applications to the broader organizational capability
for actual deployment across a firm, which supports the necessary resources for successful
digital transformation [83]. However, this highlights the importance of developing and
optimizing Al capabilities to drive successful outcomes in today’s competitive landscape.

Chen et al. [84] emphasize that the availability of adequate infrastructure can greatly
enhance the successful implementation of Al in firms. These resources, including financial
support, data, hardware, software, and technical assistance, play a key role in advancing a
productive environment for Al integration [51,85-88]. By focusing on these key areas, firms
can position themselves for more effective Al utilization.

In addition, Neiroukh et al. [2] argue that while there are significant benefits of inte-
grating Al into businesses, particularly in enhancing decision-making for employees and in
restructuring internal processes which can improve productivity, the diverse capabilities of
Al empower companies to rapidly address the changes of market and sustain a competitive
edge [7,27]. They further argue that while current research has effectively demonstrated
the role of Al capabilities in enhancing decision-making processes, there is a promising op-
portunity to develop a more unified theoretical framework that tests topics related to Al
systems and explores how Al capabilities can further enhance firms’ adaptability to market
fluctuations [89]. This advancement could provide insights for businesses seeking to thrive in
dynamic environments, and its adoption can lead to greater agility and long-term success.

Moreover, Ma and Chang [68] argue that while the important contributions of previous
studies illustrate how AI-Big Data integration can enhance the supply chain and create new
value [90,91], certain factors regarding capabilities such as the compatibility of IT systems
and the availability of high-quality data are critical in determining the effectiveness of this
integration [92]. By addressing these factors, organizations can maximize the benefits of Al
and big data in their supply chains. In addition, Rashid et al. [93] highlighted the importance of
developing key capabilities for effectively extending supply chain management by combining
Big Data with Artificial Intelligence. Capabilities such as programming and data analytics play
a key role in overcoming challenges and ensuring successful implementation, and advancing
these capabilities can significantly enhance the effectiveness of the supply chain [93].

In addition, Al Mamun et al. [33] stated that while earlier studies have underscored
the significant role of Big Data Analytics (BDA) tools in enhancing agility, there is an oppor-
tunity to further explore their impact on supply chain agility through various mediations.
Additionally, understanding how these tools can help supply chains balance agility with
adaptability remains an area for investigation [33]. However, while prior studies have
successfully examined how Al can be integrated with big data to enhance decision-making
and data analysis in supply chains [68,91], Mukherjee et al. [42] provide insight by identify-
ing an important gap in the literature that presents opportunities for further exploration
and development. They call for more research on how artificial intelligence capabilities can
drive innovation and strengthen supply chain agility, which is key to adapting to changing
market conditions. Addressing this gap could lead to insights that enhance overall supply
chain performance.

In addition, while integrating Al and big data as strategic tools is vital for enhancing
knowledge that informs effective decision-making [51], this approach serves as a powerful
technological enabler, reinforcing the Knowledge-Based View (KBV) that emphasizes the
importance of utilizing knowledge for adaptive action [51,94]. By utilizing advanced ana-
lytics and Al capabilities, firms can uncover patterns and enhance adaptability, resilience,
and agility in their supply chains, as highlighted by numerous studies [33,81]. Furthermore,
a study by Mikalef and Gupta [7] shows the significant mediating role of Al capability,
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H1

Al-BD

confirming its influence on the relationship between technological resources and opera-
tional performance. This insight encourages firms to invest in Al capabilities to drive their
success and competitiveness.

However, as previously discussed, Al capabilities play a critical role in mediating the
integration of Al and Big Data by transforming their informational power into tangible
agility outcomes, thereby improving coordination and proactive responsiveness, facilitated
by adaptive decision-making within supply chain processes. Therefore, we hypothesize
the following:

H7. AI Capabilities are positively associated with Supply Chain Agility (SCAG).

HS8. The association between Integrated AI-Big Data and Supply Chain Agility (SCAG) is mediated
by Al Capabilities.
2.3. Research Model

Figure 1 illustrates the framework that outlines the hypotheses. This visual demon-
strates the relationships and interactions between key components to understand the
underlying concepts.

H4, HS, H6

H2 - N 4 A

‘ Supply Chain Agility

> ‘ Firm Resilience
‘ (SCAG)
| /L

J - J
\ AIC /

H3

‘ H7
\

H8

Figure 1. Research model.

3. Methods

To investigate the relationships among the variables, this study used a quantitative
method, conducting a survey to collect data from the target population, providing insights
and a deeper understanding of the interconnected variables. This approach is commonly
employed in research investigating the effect of Al and big data on the generation of
accurate knowledge [65,93,95]. As a result, comparing findings from these studies will
produce more precise results. The following subsections provide a detailed description of
the methodological approach.

3.1. Measurement Scale and Data Collection

The study used a survey to test the hypotheses outlined in the conceptual model. To
enhance the clarity and relevance of our questionnaire, six experts with backgrounds in Al,
big data, and supply chain management were engaged for a pre-test. Their understandings
helped us refine specific items and ensure the suitability of the measures’ content. Artifi-
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cial Intelligence Capabilities (AICs) are conceptualized as a multidimensional construct
comprising infrastructure readiness, technical and human capabilities, and innovation
orientation, consistent with prior studies [7,10,60,84]. From a theoretical perspective, AIC
reflects firm-level capabilities aligned with the Dynamic Capabilities View (DCV) and
Knowledge-Based View (KBV). All items are listed in the full list provided in Appendix A.

The questionnaire consists of closed-ended questions focused on the research variables
and utilizes a Likert scale, allowing respondents to express their opinions at five points
from strongly disagree to strongly agree.

This approach encourages higher response rates and enhances the significance of
the results, enabling more effective data collection and analysis [93]. In 2025, an online
survey was conducted among firms in Saudi Arabia, a country that offers opportunity
to promote the use of digital tools, ranking second in the ICT Development Index [96],
which underscores its dedication to improving digital infrastructure. This recognition lays
a strong foundation for further advancements in the digital landscape, encouraging firms
to adopt new technologies to drive growth and improve efficiency.

The study used a nonprobability sampling framework, specifically purposive sampling.
This approach was designed to engage professionals in digital and supply chain management
employed by Saudi Arabian firms. By using purposive sampling, the research effectively
aimed to validate the proposed theoretical effect and gather relevant insights [97].

Based on the guidelines of Gefen et al. [98] and Hair et al. [99] for sample size, the
study has 475 respondents, which meets the criteria for a sufficient sample size to test the
study’s hypothesis, given the model’s multiple predictors. Survey participants received
obvious information about the objectives, privacy data protection measures, and the option
to withdraw at any time.

The respondents’ demographic profile indicates a diverse sample across sectors, or-
ganizational sizes, and job roles. The majority of respondents came from the telecom-
munications (21.05%) and banking (20.00%) sectors, followed by wholesale and retail,
manufacturing, and healthcare, ensuring broad industry representation. Most participants
worked in medium- to large-sized organizations: 41.68% in firms with 50-249 employees
and 27.07% in organizations with more than 500 employees, reflecting strong engagement
among established firms. The sample included a mix of technical and managerial roles, with
data analysts (22.10%), business unit managers (18.52%), and project managers (17.47%)
being the most represented, alongside system analysts and CIO-level respondents. Table 1
presents the respondents’ profile.

Table 1. Characteristics of sample.

Sector No. % Employees No. %
<50 53 11.15%
Telecommunications 100 21.05%
50-249 198 41.68%
250499 92 19.36%
Wholesale and retail 81 17.05%
>500 132 27.78%
Respondent’s position
Manufacturing 67 14.10%
CIO 32 6.73%
Business unit manager 88 18.52%
Healthcare 60 12.63%
Project Manager 83 17.47%
Data Analyst 105 22.10%
Insurance 34 07.15%
System Analyst 80 16.84%
Banking 95 20.00% Programmer Analyst 58 12.21%
Other 38 08.00% Other 29 6.10%
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3.2. Data Analysis

The research hypotheses outlined in the model were tested using PLS-SEM. This ap-
proach provided insights into the relationships under investigation by generating detailed
variance estimates through addressing the measurement models necessary for assessing
instrument reliability, as well as the structural model required for robust hypothesis test-
ing [99]. Moreover, SmartPLS is used to conduct PLS-SEM, as it facilitates hypothesis testing
when the research goal is to clarify a theoretical framework from a predictive standpoint,
thereby enhancing understanding of complex relationships in the data [99,100].

4. Result
4.1. Measurement Model

The evaluation of the measurement model focused on addressing internal consistency
reliability, convergent validity, and discriminant validity. To verify internal consistency
reliability, the study employed Cronbach’s alpha and composite reliability, as outlined
by Chin [101]. Table 2 shows that all constructs achieve Cronbach’s Alpha, Rho A, and
composite reliability values above 0.7 [101,102], indicating their reliability and reinforcing
the instrument’s internal validity. Furthermore, to build a reliable measurement foundation
for the model, it is important for the factor loadings and the average variance extracted
(AVE) to exceed 0.5, as recommended by Hair et al. [102]. Encouragingly, the results show
that all AVE factors achieved commendable scores, ranging from 0.597 to 0.731, as detailed
in Table 2. This suggests a solid framework for further analysis and interpretation, as it
demonstrates significant convergent validity, with the value exceeding 0.5 [103].

Table 2. Average Variance Extracted (AVE), Composite Reliability (rtho_a), Cronbach’s alpha, and
Composite Reliability (rho_c).

Constructs Ttems Loadings AVE Compoili‘rol_{:)liability CroAr;];l:;ih’s Compoi;eol_{ce)liability
AIC1 0.757
AIC2 0.787
AIC3 0.809
AIC4 0.773
AIC5 0.750
AIC6 0.821
Al Cg’;‘g;iities AIC7 0814 0.628 0.958 0.958 0.962
AICS8 0.789
AIC9 0.792
AIC10 0.819
AIC11 0.791
AIC12 0.804
AIC13 0.802
AIC14 0.791
AIC15 0.789
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Table 2. Cont.
. Composite Reliability Cronbach’s Composite Reliability
Constructs Items Loadings AVE (tho_a) Alpha (tho_0)
BDAI1 0.781
BDAI2 0.779
BDAI3 0.804
BDAI4 0.739
AI-Big Data BDAI5 0.755 0.597 0.916 0.916 0.930
BDAI6 0.784
BDAI7 0.735
BDAIS8 0.794
BDAI9 0.781
SCAG1 0.820
SCAG2 0.845
Supply Chain
Agility (SCAG) SCAG3 0.856 0.689 0.887 0.887 0.917
SCAG4 0.819
SCAG5 0.809
FR1 0.865
; 1 FR2 0.875
Firm Resilience 0.731 0.878 0.877 0916
(FR) FR3 0.854
FR4 0.825
In addition, discriminant validity was evaluated using both the Fornell-Larcker crite-
rion [103] and the Heterotrait-Monotrait (HTMT) ratio, yielding insightful findings. As shown
in Table 3, the square roots of the average variance extracted (AVE) exceed the inter-construct
correlations for the majority of constructs, which indicates a satisfactory level of discriminant
validity [103]. However, a small overlap is observed between Al capabilities and supply chain
agility, with the correlation slightly exceeding the square root of the AVE. This suggests a
related conceptual relationship between these two constructs, a finding that aligns well with
their complementary roles within the dynamic capabilities framework.
Table 3. Correlation matrix.
Al Capabilities AI-Big Data Firm Resilience Supply Chain Agility
Al Capabilities 0.793
AI-Big Data 0.771 0.773
Firm Resilience 0.761 0.672 0.855
Supply Chain Agility 0.797 0.705 0.746 0.830

Moreover, to provide a more rigorous assessment, the HTMT ratio was also examined.
The Heterotrait-Monotrait (HTMT) ratio was employed to evaluate discriminant validity,
and the results were encouraging, as the values fell below the 0.90 threshold set by Franke
and Sarstedt [104] and Henseler et al. [105]. This is effectively illustrated in Table 4, which
strengthens the findings by confirming that the study successfully established discriminant
validity among the latent constructs using the HTMT ratio. This provides a solid foundation
for the reliability of research outcomes.
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Table 4. HTMT Analysis.

Al Capabilities BDAI Firm Resilience
AI-Big Data 0.823
Firm Resilience 0.830 0.749
Supply Chain Agility 0.865 0.782 0.846

In addition, full-collinearity VIFs were analyzed to determine whether common
method bias (CMB) posed a concern. In alignment with Kock and Lynn [106], who recog-
nize that VIF values exceeding 3.3 may indicate the presence of common method variance
(CMYV) in the model, all VIF values were below 3.3, as illustrated in Table 5, and below 5.0,
as advised by Hair et al. [107].

Table 5. Values of Full-Collinearity VIFs.

VIF

Al Capabilities -> Supply Chain Agility 2.463
AI-Big Data -> Al Capabilities 1.000
AI-Big Data -> Firm Resilience 1.988
AI-Big Data -> Supply Chain Agility 2.463
Supply Chain Agility -> Firm Resilience 1.988

The results above provide acceptance values for evaluating the research hypotheses
within the structural model. This analysis will be detailed in the Section 4.2.

4.2. Structural Model

Hypothesis testing was examined after confirming the adequacy and reliability of the
measurement scales underlying the theoretical model. The structural model highlights the
relationships between variables that represent outcomes shaped by predictors, allowing for
deeper insight into how different factors interact and influence one another [107].

To strengthen our structural model evaluation, PLSpredict was examined. As shown
in Table 6, the Q? predict values for AIC (0.591), FR (0.447), and SCAG (0.494) exceed the
0.35 threshold, demonstrating strong predictive relevance in accordance with the criteria
suggested by [107].

Table 6. Q? predict, RMSE, and MAE values.

Q? Predict RMSE MAE

Al Capabilities 0.591 0.642 0.467
Firm Resilience 0.447 0.746 0.579
Supply Chain Agility 0.494 0.714 0.546

These Q? values substantiate the model’s high predictive relevance and indicate the
model effectively captures variance both within and beyond the sample, highlighting its
strong predictive capacity for out-of-sample data. This strong performance enhances our
confidence in the model’s ability to assist in real-world decision-making. Moreover, the
results suggest that even small improvements in Al capabilities and supply chain agility
can lead to substantial gains in a firm’s resilience. This insight emphasizes the strategic
benefits of investing in Al capabilities and agile processes, particularly in today’s rapidly
changing and uncertain environments.
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Moreover, the RMSE and MAE values indicate acceptable error levels, and the results
support our model’s predictive validity and reliability, consistent with the guidelines for
PLSpredict [108].

Moreover, the R? values were analyzed to evaluate the effectiveness of joint produc-
tivity. The results indicated that the model explains significant predictive variance in the
constructs, as illustrated in Table 7, which presents R? values of 0.594, 0.655, and 0.599.
These results exceed the minimum thresholds recommended by Falk and Miller [109] and
Chin [101]; therefore, the model’s nomological validity is considered acceptable.

Table 7. f2 and global fit indexes.

Constructs f-Square
BDAI -> AIC 1.463
AIC -> SCAG 0.459

SCAG ->FR 0.369
BDAI -> FR 0.105
BDAI -> SCAG 0.059

The R? values indicate that the model effectively explains a significant portion of the
variance in the main dependent variable, highlighting the key roles that Al capabilities and
supply chain agility play in firm resilience and the effectiveness of the capability-based
framework in identifying fundamental factors that enhance organizational adaptability.
From a practical perspective, this highlights the potential for organizations to achieve
meaningful improvements in resilience by enhancing Al capabilities and agility, further
emphasizing their strategic significance in today’s dynamic business environment.

The effect size (f?) analysis provides insight into the relative importance of the struc-
tural relationships [99], as shown in Table 7. The results indicate that BDAI has a very
strong effect on AIC (f? = 1.463), while AIC (f? = 0.459) and SCAG (f* = 0.369) exert large
effects on firm resilience, highlighting their role as key drivers of organizational adaptability.
In contrast, the direct effect of BDAI on firm resilience is moderate (f2 = 0.105), and its
effect on SCAG is small (> = 0.059), suggesting that its impact is primarily indirect through
capability development.

In addition, the goodness-of-fit measure (GoF) proposed by Tenenhaus et al. [110]
to evaluate the structural model was used to address overall quality through average
R-squared to show how well the model explains variability in dependent variables [111].
Lane and Lum [112] provide benchmarks for effect sizes: 0.10 for small, 0.25 for medium,
and 0.36 for significant effects. The results in Table 8 indicate strong acceptance, with a GoF
rating of 0.637, indicating a high overall model fit and strong explanatory performance.
However, while the Goodness-of-Fit (GoF) index has limitations for distinguishing between
valid and invalid models in PLS-SEM, this study adopts a more approach, prioritizing
R?, effect sizes (f2), and predictive relevance (Q? predict) over GoF for model evaluation.
This shift aligns with contemporary research practices and improves the assessment of
explanatory and predictive performance of our findings [99,108].

The results in Table 9 indicate that Al integrated with Big Data (AI-Big Data) has a
more substantial impact on Al Capabilities (H3) than on firm resilience (H1). This is shown
by a path coefficient of 0.771, which is significant at p < 0.000. In contrast, the direct effect
on firm resilience has a coefficient of 0.290, which is significant at p < 0.000. Additionally,
the influence of SCAG on firm resilience (H4) is more substantial than the direct effect of
Al-Big Data, with a path coefficient of 0.542, significant at p < 0.000.
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Table 8. R? and global fit indexes.

R? Average Variance Extracted (AVE)

Al Capabilities (AIC) 0.594 0.628
AI-Big Data - 0.596
Supplzscé‘gié‘)‘“gility 0.655 0.689
Firm Resilience (FR) 0.599 0.731
Average 0.616 0.661

AVE x R? 0.407

GoF 0.637

Table 9. Summary of hypothesis development results.

. Original Sample Standard T Statistics
Constructs Hypothesis ©O) Deviation (10/STDEV |) p Values
Al-Big Data -> Firm H1 0.290 0.048 6.048 0.000
Resilience
Al-Big Data ->
SCAG H2 0.624 0.057 11.028 0.000
Al-Big Data -> AIC H3 0.771 0.027 28.464 0.000
SCAG -> Firm H4 0.542 0.045 12.026 0.000
Resilience
BDAI-> SCAG -> H5 0.121 0.032 3.841 0.000
Firm Resilience
AIC > SCAG -> H6 0.339 0.048 7.053 0.000
Firm Resilience
AIC -> SCAG H7 0.624 0.057 11.028 0.000
Al-Big Data -> AIC
2 SCAG HS8 0.481 0.045 10.807 0.000

Moreover, the mediating effect of SCAG in the relationship between AI-Big Data and
firm resilience (H5) is statistically significant, with a path coefficient of 0.121 at p < 0.000.
The serial mediating effect of Al capabilities and SCAG (H6) on firm resilience is also
significant, with a coefficient of 0.339, p < 0.000.

Also, the direct effects of AI-Big Data on SCAG are primarily explained by Al capabil-
ities (H8), as evidenced by a path coefficient of 0.481, significant at p < 0.000. Furthermore,
the direct link between Al capabilities and SCAG (H?) is strongly supported, with a coef-
ficient of 0.624 (p < 0.000). This demonstrates the vital role of Al capabilities in shaping
SCAG. Collectively, these results provide empirical support for all proposed hypotheses.
For additional details, refer to Figure 2.
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Figure 2. Fitted model.

5. Discussion

This study addresses how integrating Al and Big Data can enhance SCAG, drawing
on the theories of the DCV and KBV. Also, this study aims to provide insights into how
combining supply chain agility and Al capabilities can enhance a firm’s resilience. Also,
the findings provide a deeper understanding of how AI-Big Data integration contributes
to organizational outcomes and how organizations can effectively transform data into
actionable insights, ultimately advancing the firm'’s resilience.

In addition, the findings show that integrating Al and Big Data plays a key role in
enhancing organizational capabilities rather than directly influencing them, as the develop-
ment of these Al capabilities significantly enhances supply chain agility through improved
responsiveness and flexibility in operational processes. This perspective aligns well with
the dynamic capabilities framework, which emphasizes the importance of transforming
resources into capabilities to achieve meaningful performance outcomes [62]. Importantly,
these findings suggest that the benefits of integrating Al and Big Data extend to enhancing
firm resilience, primarily through the mediation of agility. This indicates that resilience can
be seen as a key outcome of improved responsiveness at the process level, rather than a
direct consequence of technological adoption.

The strong positive correlation between Al-Big Data and Firm Resilience (3 = 0.290,
p <0.001) indicates that firms that effectively integrate diverse data sources using Al
are better positioned to respond to market changes. This result stresses the potential of
integrating Al with Big Data to enhance firm resilience (H1), as it aligns with findings
from Hossain et al. [57] and Giachino et al. [60], which suggest that this integration can
substantially improve performance across industries. By using these tools, firms can better
position themselves to adapt to evolving environments, as Gao et al. [61] emphasize.

From the perspective of the Dynamic Capabilities View (DCV), AI-Big Data enables
a powerful dynamic capability that significantly improves a firm’s ability to effectively
reconfigure its resources in real time [34]. Also, from the perspective of the Knowledge-
Based View (KBV), integrated analytics systems play a critical role in transforming raw
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data into actionable knowledge [94]. This improves decision-making and strengthens the
organization’s resilience in a rapidly changing environment [94].

The study’s findings highlight the beneficial impact of integrating Al with Big Data
on a firm’s Al capabilities (H3) with a strong positive path (3 = 0.771, p = 0.000). From a
Dynamic Capabilities perspective [34], integrating Al and Big Data represents a higher-
order capability that allows firms to reconfigure their assets. This result supports the
claim that integration has enhanced the firm'’s capabilities in a dynamic market, enabling
it to adapt effectively to environmental changes by allocating resources accordingly [63].
Likewise, these findings are consistent with Mikalef et al. [83], who found that Al capability
emerges from the synergistic use of data resources and advanced analytics and reflects
the firm’s proactive approach to meeting the requirements of its existing Al capabilities,
particularly in integration and learning processes. In addition, this finding is consistent with
Rana et al. [64], who argue that integrating Al empowers firms to develop intelligent data-
processing mechanisms that continuously learn and improve without explicit programming,
which aligns with the conceptualization of Al capabilities in the present model.

The strong positive path between Al-Big Data and Supply Chain Agility (§ = 0.624,
p = 0.000) confirms that Al integration with Big Data enhances firms’ responsiveness to
environmental volatility. This integration supports prior studies demonstrating its ability to
facilitate accurate demand forecasting with increasing data volumes while also enhancing
overall performance [3,10]. Furthermore, this finding aligns with research by Hossain et al. [57],
which indicates that integrating Al and Big Data can foster new product development aligned
with evolving consumer needs, streamline processes, and strengthen relationships with
suppliers and partners. Furthermore, it confirms the study by Ma and Chang [68], which
discusses how integrating Al and Big Data analytics positively impacts supply chains. Their
findings suggest that this integration significantly enhances supply chain agility by improving
prediction accuracy and effectively addressing market demand through analysis of complex
market trends, historical data, and consumer behavior patterns.

However, the finding could be interpreted as the integration of Al and Big Data can
be highly effective when approached thoughtfully, as its success is influenced by various
contextual factors, such as environmental dynamism, which play a significant role in deter-
mining how capabilities translate into positive outcomes [81]. So, in dynamic environments,
advancing agility can substantially enhance resilience, enabling organizations to adapt
to rapid changes. Conversely, in a more stable context, focusing on efficiency and cost
optimization can yield significant advantages.

The findings of the study provide evidence that enhancing supply chain agility can
lead to positive results on a firm’s resilience (H4). This finding aligns with the studies by
Alsmairat and Al-Shboul [72] and Ma and Chang [68], which highlight the importance
of supply chain agility in improving a supply chain’s effectiveness in responding to both
internal and external changes and in adapting to market dynamics.

Furthermore, the study confirms that supply chain agility serves as a mediator (H5,
H6) in the relationship between Al-Big Data and firm resilience, and between AIC and firm
resilience, with a significance level (p) of 0.000. This indicates that agility is the mechanism
through which data-driven knowledge is converted into resilient performance. From a
Dynamic Capability View (DCV), agility is a higher-order capability that enables firms
to reconfigure their operational routines quickly. Conversely, from a Knowledge-Based
View (KBV), this process can be understood as utilizing combined knowledge to transform
data insights into actions that sustain firm performance during uncertain times. Overall,
these insights underline the value of advancing SCAG to enhance resilience in a constantly
changing market environment. The results extend and contribute to the studies by Al
Mamun et al. [33] and Wamba et al. [75], which explore the effects of big data on SCAG and
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its relationship with firm performance. This research highlights that integrating Al with
Big Data significantly enhances supply chain agility, thereby positively influencing firm
performance, particularly in dynamic environments. This insight points to opportunities
for firms looking to use these technologies to improve operational outcomes.

In addition, this study confirms significant links between Al capabilities and Supply
Chain Agility (H7) (3 = 0.624, p = 0.000), and the indirect path from Al-big data to supply
chain agility via AICs (3 = 0.481, p = 0.000) highlights Al capabilities’ role as an enabler for
knowledge creation and decision enhancing. This finding reinforces the perspective of Chen
et al. [84], highlighting that the presence of adequate infrastructure is vital for facilitating the
successful implementation of Al in organizations and advancing a productive environment
for Al integration [51,85-88]. Also, it supports the view that capabilities play a key role
in overcoming challenges and ensuring successful implementation, thereby significantly
enhancing the supply chain’s effectiveness [93].

Moreover, this finding is consistent with investigations by Neiroukh et al. [2], Mikalef
& Gupta [7], and Hossain et al. [57], which emphasize the importance of Al capabilities in
allowing companies to rapidly address market changes and maintain a competitive advantage
by improving decision-making processes. Emphasizing these capabilities can lead to more
effective strategies and improved outcomes in today’s dynamic business environment.

In addition, the finding demonstrates that Al capabilities are more influential than Al
and Big Data integration alone. This suggests that focusing on capability development is
fundamental for driving value creation. Building on previous studies, it emphasizes the
importance of aligning technological investments with the enhancement of organizational
capabilities to maximize benefits [7].

Furthermore, the study supports the insights of Ma and Chang [68] on the key role of
capabilities, including the compatibility of IT systems and access to high-quality data. These
elements are vital for enhancing supply chain efficiency and unlocking new value through
integrated Al solutions. In addition, this study builds upon the important findings of
Mikalef and Gupta [7], emphasizing that Al capabilities serve as a significant intermediary
between technological resources and operational performance. This reinforces the potential
for organizations to achieve better outcomes by focusing on these capabilities. From the
perspective of DCV, Al capabilities serve as key facilities for reconfiguring and significantly
improving a firm’s ability to align its resources with the demands of the environment.
However, within the framework of Vision 2030, Al integration is the key pillar of Saudi
Arabia’s National Strategy for Data and Artificial Intelligence (NSDAI). This strategy
positions Al as a key driver of innovation and enhances organizational resilience, thereby
enabling a more adaptive, forward-thinking future.

However, while the integration of Al and Big Data offers opportunities to enhance
supply chain agility and resilience, it is important to address associated risks and limita-
tions. Firstly, implementing these technologies requires a significant investment in digital
infrastructure and skilled staff. By strategically planning for these financial commitments,
firms can better position themselves to overcome any constraints, particularly those that
may affect firms with limited resources or lower digital maturity [57,113].

Secondly, while enhanced data connectivity among supply chain partners can improve
efficiency, it is important to proactively address the associated cybersecurity and data
privacy risks. Firms should plan to adopt security measures that will better prepare them
to mitigate these risks [4,90]. Thirdly, the success of Al-driven decision-making depends
heavily on data quality, so firms can improve outcomes by investing in effective data
governance and validation processes to maximize the value drawn from integrated Al and
Big Data systems [29,49]. Fourthly, it is important to address algorithmic bias and ethical
concerns proactively as firms can work to ensure that Al models are developed and tested
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with fairness, thereby advancing trust in Al-generated recommendations and reducing
managerial risks [64,90]. Lastly, organizational barriers such as a culture that embraces
change are critical. By investing in employee training, addressing leadership support, and
aligning Al initiatives with business strategy, firms can enhance the effectiveness of their
integration efforts. Viewing the integration of Al and Big Data as an organizational trans-
formation process enables a holistic, sustainable approach rather than a purely technical
implementation [7,48].

In summary, the benefits of Al and Big Data integration can be realized by focusing
on adequate investment, strong governance, high data quality, ethical considerations, and
organizational readiness.

6. Conclusions and Implications
6.1. Theoretical Implication

This study enhances both DCV and KBV theories by emphasizing the integration of Al
and Big Data as core dynamic and knowledge-based capabilities that promote agility and
resilience. By bridging these two theoretical frameworks, this study shows that knowledge,
a key focus of the KBV, achieves its greatest value when it is effectively integrated into the
dynamic processes highlighted by the DCV. This integration enables firms to adapt quickly
to changing environments.

This study highlights the critical role of dynamic capabilities, such as Al capabilities
and supply chain agility, in advancing accomplishment by enhancing a firm’s resilience.
Its objective is to provide a detailed description of how integrating Al and Big Data as
knowledge-based capabilities can generate significant value. By validating a research
framework, the study contributes to the current literature on the positive effects of inte-
grated Al and Big Data on supply chain agility and firm resilience, which advances future
research in these areas. In addition, while the topic of Al and its integration offers opportu-
nity to advance our theoretical understanding of its impact on firm performance [60], this
research intends to positively add to the fields of information systems and supply chain by
investigating how incorporating Al into Big Data can enhance supply chain agility.

In addition, this study emphasizes the vital role that intermediaries play in linking
integrated Al and Big Data to supply chain agility and firm resilience. It posits that utilizing
Al capabilities can significantly enhance SCAG, ultimately strengthening a firm’s resilience.
Moreover, by examining these interconnected aspects alongside existing literature, the
study offers constructive theoretical insights that contribute to a more comprehensive
perception of their influence on a firm.

6.2. Practical Implication

This research has significant implications for practitioners aiming to strengthen firm
resilience by utilizing their existing capabilities in integrated Al-Big Data to support agility
in resource supply chains, ultimately leading to more adaptable operations.

The study shows that integrating Al with Big Data enables decision-makers to optimize
existing resources and develop innovative metrics and indicators to enhance resilience
and adapt to evolving market demands. Furthermore, while Rashid et al. [93] recognize
the impact of Al integrated with Big Data in developing the supply chain, this study
emphasizes their potential to strengthen supply chain agility by effectively analyzing
and responding to dynamic business needs. Overall, integrating Al with Big Data while
maintaining supply chain agility can enhance a firm’s resilience by leveraging advanced
mathematical modeling to effectively address its needs and respond to dynamic competition
and evolving industry demands. Therefore, practitioners are encouraged to implement
agile supply chain practices within their firms actively. This proactive approach will help
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align and adapt supply chain resources and activities, ultimately improving performance
and competitiveness in the marketplace.

Furthermore, while Mikalef and Gupta [7] highlight the important role of Al capabili-
ties as an intermediary in the association between technological resources and operational
performance, this study illustrates how strengthening Al capabilities can effectively inter-
mediate the association between Al integrated with Big Data and SCAG, thereby improving
firms’ resilience. In alignment with these findings, practitioners are encouraged to allo-
cate resources and prioritize the acquisition of vital Al capabilities to enhance overall
performance and adaptability. So, firms should prioritize the development of robust Al
capabilities, including predictive analytics, data integration, and decision support systems,
rather than focusing only on technology adoption. Also, practitioners at firms should focus
on integrating Al into routine decisions, such as inventory management, logistics planning,
and supplier selection, as integrating data across the supply chain enhances visibility and
enables more informed decision-making.

6.3. Conclusions

This study offers an insightful investigation of how integrating Al and Big Data can
improve SCAG and firm resilience in the Saudi Arabian context. This study represents
the first academic effort grounded in the theories of the DCV and KBV, establishing a
constructive link between integrating Al with Big Data and supply chain agility through
Al capabilities. This integration has significant potential to improve a firm’s resilience,
allowing it to be more adaptive and responsive.

7. Limitations and Future Research Directions

This study identifies key limitations and proposes avenues for future research. Initially,
the framework was validated through a comprehensive survey conducted in a specific
context. By applying these findings across various contexts, this study demonstrates signif-
icant improvements in operational efficiency, illustrating how firms can utilize integrated
Al and Big Data to optimize their supply chains and enhance market resilience. Future
studies can adopt this research paradigm across various developing countries and on an
international scale, enabling exploration of diverse cultural backgrounds and enriching our
understanding of the subject.

In addition, this study uses a non-probability sampling approach, which is often
employed in exploratory research and theory testing. However, this method may limit the
representativeness of the sample, and to enhance the findings and improve the generaliz-
ability beyond the study’s sample, future research should consider using probability-based
sampling techniques, such as stratified or random sampling.

The study’s findings indicate that Al capabilities play a meaningful mediating role in
the relationship between the integration of AI-Big Data and supply chain agility. To deepen
our understanding of this relationship, it would be important to examine additional medi-
ators or moderators. For instance, examining other technological factors, such as digital
capabilities, or organizational factors, such as top management support, could significantly
influence supply chain agility. This broader investigation could yield meaningful insights
to optimize supply chain performance and enhance firm resilience.

Also, future research offers an opportunity to examine the impact of emerging digital
technologies, including generative Al, blockchain, and digital platforms, on enhancing
supply chain agility and resilience. Moreover, by exploring non-linear and contingency
effects such as industry characteristics, firm size, and environmental uncertainty, a deeper
understanding of the boundary conditions of the proposed model will be gained.
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In the future, researchers could benefit from conducting a longitudinal study that
engages multiple respondents within the same firm. This approach would strengthen the
reliability and validity of the findings and would help to better understand how these
dynamics, including Al capabilities, supply chain agility, and resilience, evolve in response
to environmental conditions. Furthermore, employing qualitative methods could offer
meaningful insights into the intricate factors that impact the integration of Al with big data.
By exploring these dimensions, researchers can enhance supply chain agility and advance
greater resilience within firms.
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Appendix A. Questionnaire Used in Survey

Construct/Source Items

Our organization has access to unstructured and
structured data sets.

Our organization use and combines multiple data sources
(internal and external data) for value analysis business
environment.

We apply advanced analytical techniques for
decision-making.

We use computing techniques (e.g., Hadoop) for

Integrated AI-Big Data processing of large data sets.
Developed: Dubey et al. [54]; Ma and Chang [68]; Bag
et al. [51]; Giachino et al. [60]

We use data visualization techniques, such as dashboards
to interpret complex data.

Our management have approved budget for big data and
artificial intelligence project.

We give Big Data and Artificial Intelligence training to
our employees.

We appoint experts having long experience in integrated
Big Data and Artificial Intelligence.

We have collaboration for implementing integrated big
data and Artificial Intelligence projects.
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Construct/Source

Items

Supply Chain Agility
Adapted: Blome et al. [40]

We are able to our services and/or products sufficiently
fast to new customer requirements.

We are able to react sufficiently fast to new market
developments.

We are able to react to significant increase and decrease in
demand as fast as required by the market.

We are always able to adjust our product portfolio as fast
as required by the market.

We are able to react adequately fast to supply-side
changes, e.g., compensate for spontaneous supplier
outages, delivery failure, market shortages.

Firm resilience
Developed: Ye et al. [79]

We are able to cope with the disruption.

We are able to adapt to the disruption easily.

We are able to provide a quick response to the disruption
caused.

We are able to maintain high situational awareness at all
times.

Artificial Intelligence Capabilities
Adapted: Giachino et al. [60]; Chen et al. [84]; Belhadi
et al. [10]; Mikalef and Gupta [7]

We have the hardware equipment (computers, etc.) to
apply AL

We have the technical resources to apply Al

We have the software to apply AL

We have access to the data needed to run Al

We have arranged sufficient funding for Al projects
Artificial intelligence skills (AIS).

We understand the range of applications of Al

We can develop plans for the use of AL

We have the skills to apply AL

We have access to training in the use of AL

We can use Al technologies.

We have a recognition of the importance of innovation.

We have a strategy for developing innovation efforts.

We can implement innovation programs.

We will introduce new products or technologies to
improve business performance

We will take aggressive action to capitalize on growth
opportunities.
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