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1. Introduction

Abstract

Purpose: The growing complexity of global supply chains, driven by
digital transformation and increasing competition, requires a better
understanding of the factors influencing Supply Chain Performance
(SCP). Grounded in the Resource-Based View (RBV) and Dynamic
Capabilities perspectives, this study examines the direct and indirect
effects of Artificial Intelligence Big Data Capabilities (AIBDA), Supply
Chain Agility (SCA), Supply Chain Collaboration (SCC), Supply Chain
Ethical Leadership (SCEL), and Supply Chain Management Practices
(SCMP) on SCP.

Design/Methodology/Approach. Using a cross-sectional design, data
were collected from 380 supply chain professionals through a structured
questionnaire and analyzed using PLS-SEM in SmartPLS 4. Supply Chain
Integration (SCI) and Supply Chain Capabilities (SCCap) were examined
as mediators, while AIBDA and SCA were tested as moderators.
Findings. Results indicate that AIBDA ($=0.125), SCA (=0.154), SCEL
($=0.187), SCMP (5=0.194), and SCCap (/=0.243) significantly enhance
SCP. The mediating roles of SCCap are supported, whereas SCI does not
mediate the relationships. The moderating effects of AIBDA ($=0.023)
and SCA (=0.065) are insignificant. The model explains 64.7% of the
variance in SCP, providing theoretical and practical implications for
digitally enabled supply chains.

Research Limitations. The cross-sectional design limits causal
inferences, and convenience sampling restricts generalizability. Future
studies should employ longitudinal designs and probability sampling.
Practical Implications. The findings guide managers in prioritizing
investments in Al capabilities, agility, ethical leadership, and management
practices to enhance supply chain performance, while recognizing that
integration alone may not directly translate to performance without
capability development.

Originality/Value. This study offers an integrated framework examining
AIBDA and SCA alongside traditional supply chain constructs, providing
empirical evidence on their direct, mediating, and moderating effects on
SCP.

Keywords: Supply Chain Agility, Supply Chain Performance,
Supply Chain Integration, Supply Chain Capabilities, PLS-SEM, Al
Big Data Capabilities

The modern business world is becoming more complex, more technologically disruptive, and more

competitive around the world. The concept of supply chain management (SCM) has become a key strategic
focus of organizations that aim to maintain competitive edge and customer value delivery (Chopra and Meind],
2022). The concept of supply chain performance (SCP) which can be broadly described as the extent to which
a supply chain meets the end-customer demands such as the ability to deliver products in time, of acceptable
quality and at an acceptable cost has been cited as a key determinant of organizational success (Qrunfleh &
Tarafdar, 2014).
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1.1 Problem Statement

There are still a few crucial gaps in the supply chain management literature. To begin with, the
interaction of AIBDA with SCA, as well as other conventional supply chain constructs, has not been
extensively studied (Dubey et al., 2022; Fosso Wamba et al., 2020). Second, the moderating effects of AIBDA
and SCA on the relationships between SCI, SCCap and SCP have not been empirically validated on an
integrative framework. Third, the mediation mechanisms by which SCC, SCEL and SCMP eventually affect
SCP through SCI and SCCap should be more systematically studied. Such gaps all make it difficult to make
evidence-based strategic decisions about technology adoption and supply chain design by the practitioners.
2. Literature Review
2.1 Theoretical Foundations

2.1.1 Resource-Based View (RBV) Theory. Resource-Based View (RBV) is a position by Wernerfelt
(1984) and further developed by Barney (1991), which assumes that sustained competitive advantage is
attained by a firm through tapping valuable, rare, inimitable, and non-substitutable (VRIN) resources.
Information processing capabilities, collaboration, and integration are among the strategic resources in the
supply chain setting that distinguish successful supply chains and their counterparts (Soosay and Hyland,
2015). AIBDA is one of the strongest types of strategic assets in the digital era, allowing companies to handle
large amounts of both structured and unstructured data to derive actionable intelligence (Fosso Wamba et al.,
2020; Khan et al., 2026).

2.1.2 Dynamic Capabilities Framework. The RBV is further expanded by the Dynamic Capabilities
framework, proposed by Teece et al. (1997), which places more emphasis on the capability of an organization
to sense, seize and reconfigure resources in reaction to changes in the environment. Dynamic capability is
illustrated by supply chain agility, which is the ability of an organization to identify changes in the market
and respond to them within a short time (Gligor et al., 2019). The framework outlines how SCA, with the help
of AIBDA, helps firms to constantly reconfigure their supply chains to respond to demand fluctuations,
disruptions, and competition (Dubey et al., 2022).

2.1.3 Al Big Data Capabilities and Digital Transformation. This Al and big data functionality
allows organisations to handle complex information, make better strategic decisions and build data-driven
capabilities. In terms of advanced analytical capabilities, Al-based solutions are capable of helping
organizations identify patterns and optimize their operations, which can in turn boost performance outcomes
(Iram et al. 2025). Likewise, Al's adoption enhances organizational capabilities by supporting intelligent
decision-making processes and elevating service quality through the use of technology in management
practices (Malik & Rafiq-uz-Zaman, 2025).

Artificial Intelligence integrated with organizational processes not only boosts productivity and
resource utilization but also revolutionizes traditional practices, enabling organizations to become digitally
empowered for performance enhancement (Rafig-uz-Zaman, 2025a). Yet, to overcome the hurdles of Al
adoption and maximize its technological advantages, it is crucial to have suitable policies, organizational
preparedness, and strategic alignment (Rafiq-uz-Zaman, 2025b). Moreover, big data analytics can help
organizations derive valuable information from vast amounts of data, which can further facilitate enhanced
decision-making and capability building (Rafig-uz-Zaman & Ameer, 2025).

2.1.4. Stakeholder Theory and Ethical Leadership. According to Freeman (1984), as developed
further by other researchers, stakeholder theory states that in order to maintain the long-term performance,
organizations should strike a balance between the interests of various stakeholders, such as suppliers,
employees, customers, and communities. Supply chain ethical leadership (SCEL) is a paradigm that functions
at the interplay of ethical decision-making and stakeholder theory because ethical leaders have the ability to
foster trust between supply chain partners by focusing more on fairness, transparency, and integrity (Wang
and Feng, 2023). This credibility is a relational base that promotes collaboration, integration and eventually
performance (Gosling et al., 2016; Khan et al., 2025).

2.2 Key Constructs and Prior Research
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2.2.1 Al Big Data Capabilities (AIBDA). Artificial intelligence big data capabilities are the ability
of an organization to gather, process, analyze, and take actions on large amounts of data with artificial
intelligence-based tools and algorithms (Fosso Wamba et al., 2020). Machine learning, predictive analytics,
natural language processing, and intelligent automation are all part of AIBDA with far-reaching consequences
regarding supply chain operations. A study by Dubey et al. (2022) has shown that Al-enables supply chains
have a better responsiveness, demand forecasting, and inventory optimization. Equally, Queiroz et al. (2021)
concluded that the capabilities associated with big data analytics have a positive predictive power of
operational performance in both manufacturing and logistics companies.

2.2.2 Supply Chain Agility (SCA). The concept of supply chain agility can be characterized as the
capacity of a supply chain to swiftly detect and react to any alterations in the external environment such as
demand variations, supply shocks, and competitive alterations (Gligor et al., 2019). SCA involves product
flexibility, volume flexibility and new product introduction flexibility. These are three of the dimensions that
capture responsiveness of a supply chain in various contexts of operation (Arawati, 2011). The role of SCA
has been increased during the post-pandemic period when global supply chains were challenged by
unparalleled disruptions numerous times (Ivanov & Dolgui, 2021).

2.2.3 Supply Chain Collaboration (SCC). Supply chain collaboration is the process of collaborative
planning, decision making, and resource sharing by the parties to the supply chain with the goal of producing
mutually advantageous results (Soosay & Hyland, 2015). Based on the transaction cost economics and the
relational perspective of the firm, collaborative relationship lowers transaction cost, increases the quality of
information and generates shared value (Cao and Zhang, 2011; Dash et al., 2026). SCC occurs in the form of
information exchange, collaboration in forecasting, coordination in production programs and development of
new products and services together.

2.2.4 Supply Chain Ethical Leadership (SCEL). Ethical leadership in supply chains can be defined
as the display of normatively desirable behavior in either personal or interpersonal relationships in the context
of supply chain management (Wang and Feng, 2023). SCEL includes actions like telling the truth, making
equitable decisions, caring about the welfare of the supply chain partners, and establishing ethical principles
that govern supply chain activities. Ethical behaviors in leaders foster a positive organizational climate of
trust and psychological safety, contributing to the knowledge sharing, risk-taking, and innovation in supply
chain networks (Gosling et al., 2016).

2.2.5 Supply Chain Management Practices (SCMP). The practices in supply chain management
include the documented actions and routine that are used to handle the relations with the suppliers, the
optimization of inventory, the demand prediction, and the coordination of logistics (Karmaker et al., 2023).
SCMP relies on the RBV and transaction cost economics in the explanation of how standardized supplier
management, quality assessment, and strategic partnerships result in operational efficiencies (Rajaguru and
Matanda, 2019). Significant dimensions of SCMP are supplier selection, which is done according to quality
criteria, a dependence on a trusted supplier base, the long-term relationship development, the clarity of
specification, and the ability evaluation.

2.2.6 Supply Chain Integration (SCI). Supply chain integration can be defined as the levels of
strategic collaboration and coordination between the focal firm and its supply chain participants - upstream
suppliers, and downstream customers - in order to control intra- and inter-organizational processes,
information, and resources (Flynn et al., 2010). SCI includes exchange of information, rapid ordering,
strategic alliances, and common production planning. A well-coordinated supply chain is a smooth
mechanization, and partners exchange information in real-time and have unified goals.

2.2.7. Supply Chain Capabilities (SCCap). Supply chain capabilities are the capacity of an
organization to effectively design and mobilize supply chain resources to address the demands in the market
(Dubey et al., 2023). These are responsiveness, agility, innovation, reliability and cost efficiency. Based on
the Dynamic Capabilities paradigm, companies that design better SCCap can quickly re-architect their
operations of the supply chain in reaction to market shifts, disruptions, and competitive pressures (Asamoah
etal., 2021).
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2.3 Hypothesis Development

2.3.1 Direct Effects on Supply Chain Performance

H1: The positive effect of AIBDA on SCP is significant. Al and big data can be used to sense demand
in real-time, optimize inventory, predictive logistics, and it can, in turn, improve the performance of the supply
chain (Dubey et al., 2022; Queiroz et al., 2021).

H2: SCA produces a great positive effect on SCP. Agile supply chain responds faster to environmental
changes, maintains a higher level of services and efficiency of operations (Gligor et al., 2019; Hohenstein et
al., 2015).

H3: SCC exerts a large positive impact on SCP. Information flow and coordination is improved
through direct and indirect cooperation with the supply chain partners, increasing performance (Baah et al.,
2022; Oubrahim et al., 2023).

H4: SCEL has a strong positive influence on SCP. Ethical leadership promotes trust and collaborations
between the supply chain partners and improves the overall performance outcomes (Wang & Feng, 2023;
Alabdullah & AL-Qallaf, 2023).

HS: There is a strong positive impact of SCMP on SCP. The best management practices ensure the
optimization of supplier relationships and also cut down the cost of transactions, enhancing performance
(Karmaker et al., 2023; Ibrahim & Hamid, 2014).

Hé6: SCI positively impacts on SCP significantly. The supply chain of the future is integrated, which
has better operational performance due to the improved sharing and coordination of information (Flynn et al.,
2010; Cui et al., 2023).

H7: SCCap positively significantly influences SCP. Companies exhibiting a well-developed supply
chain have a greater responsiveness and better performance results (Asamoah et al., 2021; Bag & Rahman,
2023).

2.3.2 Antecedents of Supply Chain Integration and Capabilities
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H8: SCC provides a great positive impact on SCI. The integrative relations through collaboration
enable the sharing of information and making decisions together, which facilitates integration (Mofokeng &
Chinomona, 2019; Anderson & Thomas, 2024).

H9: SCEL makes a large positive impact on SCI. Trust-based relationships established by ethical
leadership provide an opportunity to communicate freely and align the processes (Wang & Feng, 2023).

H10: SCMP affect SCI significantly and positively. Best management practices encourage
stakeholders to share information and coordinate processes in supply chains among partners (Saragih et al.,
2020; Jahanbakhsh Javid & Amini, 2023).

H11: SCC positively influences SCCap to a great extent. The relationships capabilities such as
responsiveness and flexibility are promoted through collaborative partnerships (Friday et al., 2021; Baah et
al., 2022).

H12: SCEL has a significant positive effect on SCCap. Ethical leadership fosters the establishment of
trust and collaboration, which contributes to the ability building (Gosling et al., 2016; Hameed et al., 2023).

H13: SCMP positively impact on SCCap significantly. Advanced management practices help the
firms to build and improve operational and relational capabilities (Rajaguru & Matanda, 2019; Asamoah et
al., 2021).

2.3.3 Mediation Hypotheses

H14: SCI stands in between the correlation between SCC and SCP. Teamwork can help to improve
integration, and, therefore, the performance (Oubrahim et al., 2023; Salah et al., 2023).

H15: SCI is a mediator of the relationship between SCEL and SCP. The conditions of integration
created through ethical leadership lead to better performance results (Wang & Feng, 2023).

H16: There is a mediating effect of SCI on the SCMP and SCP. Performance is increased due to
improved integration mechanisms through management practices (Saragih et al., 2020; Sundram et al., 2016).

H17: SCCap mediates the effect of SCC and SCP. The capacity-building process through
collaboration improves performance (Madhiyarsi & Nambirajan, 2015; Asamoah et al., 2021).

H18: SCCap is an intermediary of the association between SCEL and SCP. Ethical leadership
increases the capability development, which is a predictor of performance (Hameed et al., 2023; Wang &
Feng, 2023).

H19: There is a mediating effect of SCCap between SCMP and SCP. Capabilities are enhanced by
management practices that consequently promote the supply chain (Rajaguru & Matanda, 2019).

2.3.4 Moderation Hypotheses

H20: AIBDA moderates the SCCap—SCP relationship. The performance returns of supply chain
capabilities are amplified through Al big data tools, which allow making decisions based on data (Fosso
Wamba et al., 2020; Dubey et al., 2022).

H21: AIBDA moderates the SCI-SCP relationship. The Al features can add value to the performance
of integration by means of real-time data processing and predictive analytics (Queiroz et al., 2021).

H22: SCA moderates the SCCap—SCP relationship. Agility increases the effects of capabilities on
performance because it allows mobilizing the resources faster (Gligor et al., 2019; Hohenstein et al., 2015).

H23: SCA moderates the SCI-SCP relationship. Agile companies take advantage of integration
infrastructure more effectively to convert coordination into performance results (Ivanov & Dolgui, 2021).
2.4. Research Objectives

The study is guided by the following objectives:

RO1. To examine the direct effects of AIBDA, SCA, SCC, SCEL, SCMP, SCI, and SCCap on SCP.

RO2. To investigate the indirect effects of SCC, SCEL, and SCMP on SCP mediated by SCI and SCCap.
RO3. To explore the moderating effects of AIBDA and SCA on the SCI-SCP and SCCap—SCP relationships.
ROA4. To provide theoretical and managerial recommendations based on empirical findings.

2.5 Research Questions

Correspondingly, the study poses four research questions:

RQ1. Do AIBDA, SCA, SCC, SCEL, SCMP, SCI, and SCCap significantly and directly influence SCP?
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RQ2: Do SCI and SCCap mediate the relationships between SCC, SCEL, SCMP, and SCP?
RQ3: Do AIBDA and SCA moderate the relationships between SCI, SCCap, and SCP?
2.6 Gap Analysis
The central research gap lies in the absence of an integrated framework that simultaneously examines

Artificial Intelligence and Big Data Capabilities (AIBDA), Supply Chain Agility (SCA), Supply Chai
Ethical Leadership (SCEL), Supply Chain Collaboration (SCC), Supply Chain Management Practice
(SCMP), Supply Chain Integration (SCI), and Supply Chain Capabilities (SCCap) as predictors of Suppl
Chain Performance (SCP). Previous studies have largely investigated these constructs individually or through
limited relationships, leaving their combined direct, mediating, and moderating effects insufficiently
understood. In particular, AIBDA remains a relatively emerging construct, and its role as both a direct
predictor and moderator of SCP-related relationships requires further empirical validation.

3. Research Methodology

3.1 Research Design and Philosophical Orientation

The study is based on the deductive, cross-sectional, and quantitative research design. The study uses
the deductive approach due to the conceptual model grounded on the existing theories of the Resource-Based
View (RBV) and Dynamic Capabilities frameworks being tested empirically with the help of hypotheses
(Saunders et al., 2019). The quantitative design enables measurement of the latent constructs and estimation
of structural relationship using standardized self-report scales. The cross-sectional type allows collecting the
data on all the constructs simultaneously at a single point in time and is appropriate in situations when the
constructs are stable organizational traits and not quickly changing phenomena (Hair et al., 2021).3.2
Population and Sampling

The target population of the study is the supply chain professionals in various organizational settings,
including manufacturing, logistics, retail, and service industries. The analysis unit is the individual
professional who has knowledge on the supply chain operations, integration practices and organizational
capabilities of his or her organization.

The sample was recruited using convenience sampling which was then supplemented by snowball
sampling with the help of professional networks. Although the use of probability sampling is theoretically
desirable, convenience and snowball methods are more popular in supply chain studies where the sampling
frame is not available as comprehensive and where the construct of interest does not need a random cross-
section of the population, but informed respondents (Sarstedt et al., 2018).

3.3 Instrument Development

A structured, self-administered questionnaire, which contained two major sections, was used to collect
the data. Part A included demographic questions on gender, age category, the level of education, and
occupation. Section B was comprised of multi-item reflective scales of the eight latent constructs. All items
were rated using a S5-point Likert scale (Strongly Disagree to Strongly Agree).

To guarantee content validity, all measures were modified based on already tested instruments. The 5
items used to measure Al Big Data Capabilities were modified after Fosso Wamba et al. (2020). The
measurement of Supply Chain Agility used 4 items according to Arawati (2011) and Gligor et al. (2019).
Supply Chain Collaboration was assessed using 4 scale items that are modified after Cao and Zhang (2011).
The measurement of Supply Chain Capabilities was done using 5 items as indicated by Bag and Rahman
(2023). 10 items of Supply Chain Ethical Leadership were based on Wang and Feng (2023). The 10 items of
Supply Chain Integration were assessed according to Flynn et al. (2010). The response was measured using 5
items that were modified based on Karmaker et al. (2023). Measurement of Supply Chain Performance was
done using 10 items as per Qrunfleh and Tarafdar (2014).

3.4 Data Collection Procedure

The data was gathered during six weeks by distribution online in professional networks (LinkedIn),
portal of industry associations, and direct contact with the organizations. A cover letter was provided before
each questionnaire that described the scholarly intent of the research, voluntary participation, and
documenting confidentiality and anonymity. The non-respondents were also reminded two weeks after the
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initial distribution to receive a follow up to enhance response rates. Items were randomized to eliminate
common method bias and attention-check items were incorporated to detect careless responses.
3.5 Data Analysis Techniques

Partial Least Squares Structural Equation Modelling (PLS-SEM) in SmartPLS 4 was used to analyze
data (Ringle et al., 2024). The main analytical method was selected as PLS-SEM due to several reasons. First,
it suits intricate models incorporating numerous mediators, numerous moderators, and interaction conditions
(Hair et al., 2021). Second, PLS-SEM does not assume multivariate normality and so it is suitable with survey
data that do not follow normal distribution. Third, PLS-SEM has high statistical power to conduct theory-
building and prediction-focused studies (Sarstedt et al., 2022).

The two-stage analysis approach as suggested by Anderson and Gerbing (1988) was used. Stage 1
involved measurement (outer) model measurement of indicator reliability (outer loadings > 0.70), internal
consistency reliability (Cronbach's a and composite reliability tho ¢ > 0.70), convergent validity (Average
Variance Extracted, AVE > 0.50) and discriminant validity (Heterotrait-Monotrait ratio, HTMT < 0.85). Stage
2 involved the structural (inner) model, which was evaluated by evaluating path coefficients (5,000
subsamples), bootstrap t-statistics, p-values, 95% bias-corrected confidence intervals, Cohen f? effect sizes,
and the explained variance R? of each endogenous construct. The specific indirect effects approach was used
in SmartPLS to test the hypotheses of mediation, whereas the product-indicator approach was used to test the
moderation hypotheses (Henseler & Chin, 2010).

4. Findings of the Study

This chapter shows the empirical results of the research. These findings are presented as four key parts
namely: (1) demographic profile of the respondents, (2) measurement model assessment in terms of reliability,
convergent validity, and discriminant validity, (3) structural model assessment in terms of R?, direct effects
and, (4) moderation analysis. All findings are a PLS-SEM analysis with SmartPLS 4 with N = 380 and
bootstrapping, 5,000 subsamples.

Figure 2
Conceptual Framework from SmartPLS

Suply Chain Aghity

4.1 Demographic Profile

Table 1 presents the demographic characteristics of the respondents (380 individuals). The sample is male
dominated (74%), with the females comprising 26% of the sample. The largest age group is 3640 years
(28.9%), followed closely by 31-35 years (26.3%). In terms of education level, most of them have a Master’s
degree (44.7%), followed by a Bachelor of degree (27.6%). Regarding job position, most people are the entry-
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level workers (42.1%), followed by the supervisory-level (34.2%), and middle-level management (23.7%)
workers.

Table 1
Demographic profile
Variable Category n %
Gender Male 280 74.0%
Female 100 26.0%
Age Group 25-30 years 90 23.7%
31-35 years 100 26.3%
3640 years 110 28.9%
More than 40 years 80 21.1%
Education Bachelor's Degree 105 27.6%
Master's Degree 170 44.7%
Professional Qualification 30 7.9%
Other 75 19.7%
Job Position Entry Level 160 42.1%
Supervisory Level 130 34.2%
Middle Management 90 23.7%
Note. N = 380.

4.2 Measurement Model Assessment

Measurement model testing was conducted in accordance with the two steps of a PLS-SEM procedure as
suggested by Hair et al. (2021). Factor loadings, composite reliability (rho_c), Cronbach’s alpha and Average
Variance Extracted (AVE) were used to check convergent validity. The Heterotrait-Monotrait (HTMT) ratio
and the Fornell-Larcker criterion were used to test the discriminant validity

4.2.1 Convergent Validity. Table 2 presents the construct reliability and validity statistics. All the alpha
values are higher than the standard level of 0.70 (Hair et al., 2021), with a value of 0.868 (Supply Chain
Collaboration) to 0.944 (Supply Chain Ethical Leadership). All composite reliability (rho c) values exceed
0.90, with 0.909 to 0.952, which is a strong internal consistency. The AVE values are all greater than the 0.50
cutoff with a range of 0.630 (SCP) to 0.737 (SCA) which means that each of the constructs explains over 50%
of the variance in its corresponding indicators. These findings are good indications of convergent validity of
all the eight constructs.

Table 2

Construct Reliability and Validity
Construct Cronbach's a rho a rho ¢ AVE
Al Big Data Capabilities (AIBDA) 0.875 0.876 0.909 0.667
Supply Chain Agility (SCA) 0.881 0.881 0.918 0.737
Supply Chain Capabilities (SCCap) 0.893 0.894 0.921 0.701
Supply Chain Collaboration (SCC) 0.868 0.871 0.910 0.716
Supply Chain Ethical Leadership (SCEL) 0.944 0.944 0.952 0.664
Supply Chain Integration (SCI) 0.941 0.942 0.949 0.652
Supply Chain Management Practices (SCMP) 0.906 0.907 0.930 0.728
Supply Chain Performance (SCP) 0.935 0.935 0.945 0.630

Note. rho_a = composite reliability (rho_a); rho_c = composite reliability (vho_c); AVE = average variance
extracted. All values meet Hair et al. (2021) thresholds: o.> 0.70, rho_c > 0.70, AVE > 0.50.
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Each of the eight constructs has above the minimum thresholds suggested by Hair et al. (2021). The
values of Cronbach’s a are all equal or above 0.868, composite reliability (rho_c¢) are all equal or above 0.90,
and AVE values are in the range 0f 0.630 to 0.737, which is significantly higher than the 0.50 mark, indicating
strong convergent validity across the measurement model. The outer loading of all the retained indicators was
greater than 0.70 with the minimum indicator loading of 0.721 (SCP3) and the maximum indicator loading of
0.872 (SCMP2).

4.2.2 Discriminant Validity. The Heterotrait-Monotrait (HTMT) ratio was used to measure
discriminant validity. Hair et al. (2021) suggests that values of HTMT must be less than 0.85 to achieve
sufficient discriminant validity. The HTMT matrix can be found in Table 3. The values of all HTMT are
smaller than 0.85 with the largest one of 0.730 between SCCap and SCP, which is a positive indication of
sufficient discriminant validity among all pairs of constructs. This implies that all the constructs used in the
model are empirically different.

Table 3:
Heterotrait-Monotrait (HTMT) Ratio Matrix
Construct AIBDA SCA SCCap SCC SCEL SCI SCMP
AIBDA —
SCA 0.591 —
SCCap 0.593 0.612 —
SCC 0.538 0.524 0.519 —
SCEL 0.547 0.578 0.603 0.639 —
SCI 0.545 0.601 0.671 0.638 0.661 —
SCMP 0.506 0.575 0.636 0.546 0.627 0.712 —
SCP 0.628 0.671 0.730 0.596 0.693 0.678 0.699

Note. HTMT = Heterotrait-Monotrait ratio. All values < 0.85, confirming discriminant validity (Hair et al.,
2021). AIBDA = Al Big Data Capabilities; SCA = Supply Chain Agility; SCCap = Supply Chain Capabilities;
SCC = Supply Chain Collaboration; SCEL = Supply Chain Ethical Leadership;, SCI = Supply Chain
Integration; SCMP = Supply Chain Management Practices;, SCP = Supply Chain Performance.

The highest eight ratios, SCCap-SCP 0.730 and SCM-PSCI 0.712 are less than 0.85, and the remaining
eight ratios are all less than 0.60, which proves that all eight constructs are empirically different. There is no
two that comes close to the problematic area (>0.85), which is a good sign of discriminant validity throughout
the model. The Fornell-Larcker criterion was also met: the square root of the AVE of each construct was
larger than its correlations with all the rest of the constructs in the model, which were convergent to validate
the discriminant validity.

4.2.3 Model Fit. Table 4 shows the model fit indices. The saturated model has the Standardized Root
Mean Square Residual (SRMR) equal to 0.047, which is much less than the 0.08 criterion suggested by Hu
and Bentler (1999), so that the model fits exceptionally well. The SRMR of the estimated model is 0.057
which is also less than 0.08 hence fit is acceptable. The differences between d ULS and d_G lie within the
bootstrap-based cutoft.

Table 4:

Model Fit Indices
Fit Index Saturated Model Estimated Model Threshold
SRMR 0.047 0.057 <0.08
d ULS 3.113 4.667 —
dG 2.512 2.570 —
Chi-square 4972.50 5026.32 —
NFI 0.731 0.728 > (.90 (indicative)
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Note. SRMR = Standardized Root Mean Square Residual; d ULS = squared Fuclidean distance; d G =
geodesic distance; NFI = Normed Fit Index.
4.3 Structural Model Assessment

4.3.1 Variance Explained (R?). Table 5 shows the R? and adjusted R? of the three endogenous
constructs. The model has the largest value of R* = 0.647 (adjusted R*> = 0.636) indicating that the predictors
in the model explain a combined 64.7% of SCP. The adjusted R? = 0.555 with respect to SCC, SCEL and
SCMP to explain the supply chain is 0.558 (R? = 0.558). Supply Chain Capabilities has an R? of 0.413
(adjusted R? = 0.409). These values are found to be significant (R? > 0.25) explanatory power according to
Cohen (1988) and they affirm the predictive relevance of the model.

Table 1

R-Square Values for Endogenous Constructs
Endogenous Construct R? Adjusted R?
Supply Chain Capabilities (SCCap) 0.413 0.409
Supply Chain Integration (SCI) 0.558 0.555
Supply Chain Performance (SCP) 0.647 0.636

Note. R?values indicate the proportion of variance in endogenous constructs explained by the model.

4.3.2 Direct Effects.Table 6 presents the direct path coefficients, bootstrap standard errors, t-
statistics, p-values and Cohen f? effect sizes of all the hypothesized direct relationships, using 5,000 bootstrap
subsamples. AIBDA has a positive and significant effect on SCP (B =0.125, t =3.444, p <0.001), supporting
H1. SCA also significantly predicts SCP (B = 0.154, t = 3.578, p < 0.001), supporting H2. SCEL has a
substantial direct effect on SCP (B =0.187,t=4.102, p <0.001), confirming H4. SCMP exerts a significant
impact on SCP ( = 0.194, t = 4.265, p < 0.001), supporting H5. SCCap demonstrates the strongest direct
effect (B =0.243,t=5.715, p <0.001), supporting H7. The direct effect of SCC on SCP is positive but non-
significant (f = 0.062, t = 1.476, p = 0.140), failing to support H3. The direct effect of SCI on SCP is also
non-significant (§ = 0.060, t = 1.199, p = 0.231), failing to support H6. Turning to the antecedents of the
mediating variables, SCMP exhibits the strongest impact on both SCI (f = 0.394, t = 10.077, p < 0.001) and
SCCap (p=0.350, t=8.055, p <0.001), supporting H10 and H13. SCEL significantly influences both SCI (8
=0.257,t=5.701, p < 0.001) and SCCap (B = 0.278, t = 5.129, p < 0.001), supporting H9 and H12. SCC
significantly predicts both SCI (f =0.238, t=5.398, p <0.001) and SCCap (f =0.128, t=2.530, p=0.011),

supporting H8 and H11.

Table 2

Direct Path Coefficients and Significance Tests
Hypothesis / Path B Std. Error t p f Decision
H1: AIBDA — SCP 0.125 0.036 3444  <0.001*%**  0.026 Supported
H2: SCA — SCP 0.154 0.043 3.578  <0.001***  0.037 Supported
H3: SCC — SCP 0.062 0.042 1.476 0.140 0.006  Not Supported
H4: SCEL — SCP 0.187 0.046 4.102  <0.001***  0.046 Supported
H5: SCMP — SCP 0.194 0.045 4265  <0.001***  0.051 Supported
H6: SCI — SCP 0.060 0.050 1.199 0.231 0.004  Not Supported
H7: SCCap — SCP 0.243 0.043 5715  <0.001***  0.083 Supported
H8: SCC — SCI 0.238 0.044 5398  <0.001***  0.081 Supported
H9: SCEL — SCI 0.257 0.045 5701  <0.001***  0.082 Supported
H10: SCMP — SCI 0.394 0.039 10.077  <0.001***  (0.222 Supported
H11: SCC — SCCap 0.128 0.051 2.530 0.011%* 0.018 Supported
H12: SCEL — SCCap 0.278 0.054 5129  <0.001***  0.072 Supported
H13: SCMP — SCCap 0.350 0.043 8.055  <0.001***  0.131 Supported
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Note. § = standardized path coefficient; t-statistics based on 5,000 bootstrap subsamples; f* = Cohen's effect
size. ¥p < 0.05; **p < 0.01; ***p < 0.001.

SCCap (B =0.243), SCMP (B = 0.194) and SCEL (B = 0.187) can be seen as the three most powerful
predictors out of the seven direct paths to Supply Chain Performance. The SCI — SCP (B = 0.060) and the
SCC — SCP (B = 0.062) are not significant, which implies that integration and collaboration do not have a
direct effect on performance but it has an indirect effect. The SCC, SCEL and SCMP to SCI and SCCap
directions are all very important (p < 0.05 or greater) and SCMP is the most important antecedent of both
mediators (f = 0.394 to SCI; 0.350 to SCCap). The largest f> in the model is SCMP — SCI (f* = 0.222),
indicating a large effect size by Cohen's (1988) benchmarks (f* > 0.15 is medium, > 0.35 is large).

4.3.3 Indirect (Mediation) Effects. The specific indirect testing of mediation hypothesis (H14-H19)
is reported in Table 7. The presence of indirect effect is statistically significant with the support of mediation

is supported by the bootstrap-based 95% bias-corrected confidence interval that does not include zero (Hair
etal., 2021).

The indirect effect of SCC on SCP via SCCap is significant (B = 0.031, t = 2.294, p = 0.022),
supporting H17. The impact of SCEL on SCP through SCCap is large and significant (f = 0.068, t = 3.660, p
=0.001), which proves H18. The strongest mediation effect is SCMP — SCCap — SCP (B =0.085, t=4.725,
p < 0.001), supporting H19. By contrast, none of the indirect paths through SCI achieved statistical
significance: SCC — SCI — SCP (f =0.014, p = 0.261), SCEL — SCI — SCP (f = 0.016, p = 0.244), and
SCMP — SCI — SCP (B = 0.024, p = 0.239), failing to support H14, H15, and H16. These findings affirm
that SCCap is the most predominant mediating factor in the model, and that SCI does not mediate the effects
of antecedents to SCP.

Table 3.

Specific Indirect Effects (Mediation Results)
Indirect Path B (Indirect) t p Decision
H14: SCC — SCI — SCP 0.014 1.125 0.261 Not Supported
H15: SCEL — SCI — SCP 0.016 1.166 0.244 Not Supported
H16: SCMP — SCI — SCP 0.024 1.177 0.239 Not Supported
H17: SCC — SCCap — SCP 0.031 2.294 0.022* Supported
H18: SCEL — SCCap — SCP 0.068 3.660 <0.001*** Supported
H19: SCMP — SCCap — SCP 0.085 4.725 <0.001*** Supported

Note. Indirect effects estimated via 5,000 bootstrap subsamples. *p < 0.05; **p <0.01; ***p < 0.001.

Supply Chain Capabilities (SCCap) turns out to be the most prevalent mediating mechanism: all indirect effects
via SCCap are statistically significant, with the largest coefficient (B=0.085, p < 0.001) being SCMP — SCCap —SCP.
In comparison, all the three indirect effects through SCI are no significant (p > 0.23) which implies that integration by
itself does not turn supply chain practices, ethical leadership, and collaboration into performance without the capability
bridge. This trend of findings indicates that integration can be a facilitator of capability building, but not a pathway to
performance in this sample.

4.4 Moderation Analysis

The results of Table 8 indicate the moderation effects of AIBDA and SCA on the SCI-SCP and SCCap-SCP

relationships that were estimated using the product-indicator method of SmartPLS 4.
The interaction AIBDA x SCCap on SCP yields p=0.023 (t=0.515, p =0.607), failing to support H20. The interaction
AIBDA x SCI on SCP yields B =—0.025 (t=0.527, p = 0.598), failing to support H21. The interaction SCA x SCCap
on SCP yields B = 0.065 (t = 1.240, p = 0.215), failing to support H22. The interaction SCA x SCI on SCP yields =
—0.039 (t = 0.815, p = 0.415), failing to support H23. All the four terms of interaction are not statistically significant
(all p > 0.05), which means that the moderating variables of AIBDA and SCA to the SCI-SCP and SCCap-SCP
relationships are not supported in this sample. The f? values are all realized to be close to zero (< 0.006) indicating
insignificant interaction effects.
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Table 4.

Moderation Effects (Interaction Terms)
Hypothesis / Interaction B t p f Decision
H20: AIBDA x SCCap — SCP 0.023 0.515 0.607 0.001 Not Supported
H21: AIBDA x SCI — SCP —0.025 0.527 0.598 0.001 Not Supported
H22: SCA x SCCap — SCP 0.065 1.240 0.215 0.006 Not Supported
H23: SCA x SCI — SCP —0.039 0.815 0.415 0.002 Not Supported

Note. Interaction terms estimated using the product-indicator approach in SmartPLS 4. *p < 0.05.

The four terms of interaction are all non-significant. The biggest interaction (SCA % SCCap, p =0.065)
is nearly significant without being significant, and the interactions based on AIBDA are practically null. These
findings indicate that AIBDA and SCA are direct and additive predictors of SCP as opposed to being a
boundary condition that enhances or attenuates the effects of SCI or SCCap on performance
S. Discussion

This chapter puts the empirical results presented in Chapter 4 into the perspective of the theoretical
background and the existing literature discussed in Chapter 2. The three sets of hypotheses tested, direct
effects, mediation effects, and moderation effects, are discussed.

5.1 AI Big Data Capabilities and Supply Chain Performance

The observation that AIBDA is a positive and significant predictor of SCP (B = 0.125, p < 0.001) is
consistent with the accumulating amount of research indicating that digital intelligence capabilities are related
to high-quality supply chain performance (Dubey et al., 2022; Fosso Wamba et al., 2020). AIBDA allows
organizations to work with high volumes of real-time data to improve the accuracy of demand forecasting,
supplier performance monitoring, and optimization of logistics. Similar results were provided by Queiroz et
al. (2021), who also proved that the more developed the big data analytics capabilities of organizations, the
higher their operational performances. The present results add to the literature on the AIBDA by confirming
its direct value in relation to SCP in a multi-construct model where other established predictors are held
constant simultaneously.

5.2 Supply Chain Agility and Supply Chain Performance

A strong correlation between supply chain agility and SCP (f= 0.154, p < 0.001) supports the claim
that it is a dynamic capability that assists organizations to maintain performance amid demand variability and
supply uncertainty. Hohenstein et al. (2015) determined that agile supply chains have better recovery
performance following disruptions. Agility performance relevance is especially salient in the post-pandemic
business environment, which is marked by global supply chain shocks (Ivanov and Dolgui, 2021). The effect
size (f2=0.037) is low, yet SCA accounts a significant portion of variance in SCP. This observation is in line
with that of Arawati (2011) who determined that the product, volume, and new-product flexibility are joint
predictors of supply chain and business performance. The managers then are advised to invest in agility by
having flexible manufacturing system, diversified supplier base and responsive logistics capabilities.

5.3 Discussion of Mediation Effects

The findings show that SCCap is a significant mediator between the SCEL — SCP (B= 0.068, p <
0.001) and SCMP and SCP ( =0.085, p < 0.001) and partially between SCC — SCP(  =0.031, p = 0.022).
The findings demonstrate that the performance effects of ethical leadership, practices in management, and
teamwork are achieved in part because of the development of supply chain capabilities. The strongest
mediation effect in the model is the mediation of SCMP — SCCap — SCP (B = 0.085). This means that the
performance advantages of advanced supplier management, supplier selection based on quality, and supplier
relationship development that is long-run in nature are, in part, attained due to the capability development that
the practices bring about. Evidence in support of the mentioned is provided by Rajaguru and Matanda (2019)
and Madhiyarsi and Nambirajan (2015), who have revealed that management practices improve capabilities,
which subsequently forecast performance. Of management interest is the direct implication of this finding:
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the investments of SCMP may not necessarily produce the greatest performance returns unless combined with
deliberate capability building.

Unexpectedly, SCI does not play an important role in all the three indirect effects considered (SCC—
SCI— SCP, SCEL— SCI— SCP, SCMP— SCI— SCP). This null mediation finding can be attributed to the
non-significant direct effect of SCI on SCP: with a weak relationship between the distal outcome and the
mediator, a null mediation is mathematically constrained irrespective of the strength of the antecedent-
mediator relationships (Hair et al., 2021). The strong correlation of SCMP, SCEL, and SCC with SCI (§ =
0.394, 0.257, and 0.238, respectively) confirms the fact that the mentioned antecedents have a positive effect
on integration, which, in this case, does not directly result in SCP.

5.4 Discussion of Moderation Effects

Moderation hypotheses (H20-H23) of the study were not proved. The SCI, SCCap are not
significantly moderated by AIBDA —SCA, nor the SCCap —SCP. These can be intriguing null results which
should be interpreted closely. First, the findings imply that AIBDA and SCA can be used as primary-effect
predictors instead of being closed-end conditions of integration- or capability-performance associations. Both
AIBDA and SCA have substantial direct impacts on SCP, suggesting that they additive contributions to
performance and not an amplification of the impact of integration or capabilities. This aligns with the
perspective that Al big data and agility are core digital and organizational assets, which directly cause
performance regardless of the degree of SCI or SCCap.

6. Conclusion and Recommendations

The paper has explored an inclusive model of the supply chain performance that incorporates Al Big
Data Capabilities and Supply Chain Agility with traditional constructs of the supply chain in a PLS-SEM
model. According to the results of the analysis of 380 supply chain professionals conducted with the help of
SmartPLS 4 and 5,000 bootstrap subsamples, it can be concluded that AIBDA (= 0.125), SCA (B = 0.154),
SCEL (f =0.187), SCMP (B =0.194), and SCCap ( = 0.243). The model is very explanatory with 64.7% of
the variance in SCP explained in the model.

The strongest predictor of SCI (SCMP B = 0.394) and SCCap (SCMP B = 0.350) among the
antecedents of the mediating variables is SCMP. SCEL is the second-strongest predictor of SCCap ( =0.278)
and SCI (B = 0.257), and SCC is the third (f = 0.128 to SCCap; 3 = 0.238 to SCI). SCCap turns out to be the
hegemony mediating mechanism, relaying the impacts of SCEL and SCMP and partly that of SCC to SCP.
Although it has been strongly predicted by all the three antecedents, SCI does not mediate any of the indirect
correlations to SCP. The moderation hypotheses are rejected; the role of AIBDA and SCA as direct
performance drivers and none as a boundary condition on the capability-performance and integration-
performance relationships are rejected.

6.1 Limitations and Future Research Directions

There are several limitations of this study. First, the cross-sectional type of research does not allow
making causal conclusions and studying dynamic relationships during a period. Longitudinal designs would
offer more solid evidence of causal mechanisms and possibly look at the effect of the adoption patterns of
AIBDA on supply chain performance over time. Second, the convenience and snowball sampling are practical
and are frequently used in supply chain research but restrict the extrapolation of the results to larger groups
of people. The probability sampling should be utilized in the future studies in well-established industries to
allow more representative conclusions.

Third, the non-significant moderation results could be due to the similarity of the samples and limited
statistical power to identify small interactions. Further studies must also be able to test the moderation
hypotheses with larger samples or experimental designs with intentionally different levels of AIBDA
adoption. Fourth, the paper considers the collaboration of the supply chain as a unidimensional construct.
Further studies might consider breaking down SCC into different types (e.g., information sharing, joint
planning, co-investment) and how each collaborative activity correlates most with SCI, SCCap and SCP.
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