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Abstract

The objective of this study was to assess the correlation between Artificial Intelligence (Al) and the performance of Supply Chain
Management (SCMP) while also investigating the mediating influence of AI Capability (AICAP). The hypotheses examined were as
Jollows: HT, the beneficial influence of AI on SCMP; and H2, the mediating role of AICAP in the link between AI and SCMP.
The research was underpinned by a positivist philosophy which supported in being able to carry out an objective analysis of AICAP's
mediation between Al and SCMP. Regression analysis with a deductive way was used to investigate the relationship between
independent and dependent variables. The ability to quantitatively analyze the data supported a comprebensive examination of
bypotheses originally posited. Findings indicated that there is a strong positive association (r = 0.816) between AI and SCMP, with
R2 of the variance in SCMP acconnted by Al as 66.5%, therefore, continned support for H1 was established. Moreover, the mediating
role of AICAP is significant (total effect = 0.8239 and mediation effect = 0.1862, implicating H2 as well. These results verify the
importance of Al for SCMP improvement.

Keywords: Artificial Intelligence, Supply Chain Management Performance, Artificial Intelligence Capability.

Introduction

The rapidly evolving Artificial Intelligence (Al) technologies and increasing adoptions and deployments are
raising much interest and huge investments by businesses in all business sectors. A few gaps still remain for
the full potential that Al promises over traditional practice in supply chain management. Thus, the purpose
of this study is two-fold: to highlight the impact of Al adoption on Supply Chain Management Performance
(SCMP) but also to assess the intervening role played by Artificial Intelligence Capability (AICAP). Through
this, the study also tries to give insights into opportunities and challenges related to the integration of Al
advancement in supply chain processes. Outputs from the research will provide a basis for organizations to
make informed decisions on leveraging Al opportunities for developing effective strategies towards
increasing efficiency and effectiveness in supply chain management. Even though Al has not yet fully
achieved the scale and depth of human intelligence, its efficiency in several tasks does have a very significant
influence on otrganizations' performance and supply chain management. The research is ptimarily focused
on considering the effects of Al on SCMP; hence, it fills a gap that is left open since no study of the same
nature has been done before, mainly in the Arab world. In addition, the paper has the following secondary
objectives:

e Understanding the concepts of Al, SCMP, and AICAP from both theoretical and empirical
standpoints.

o Investigating the function of AICAP as a moderator in the relationship between Al and SCMP,
specifically its impact on the extent to which Al influences SCMP.

e Exploring the opportunities and benefits of Al-powered transformation initiatives within
organizations.

e Examining the influence of AICAP on organizational improvement and SCMP enhancement.
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Literature Review
Abrtificial Intelligence (AI)

Artificial Intelligence (Al) involves the empowerment of computer programs with the capabilities to mimic
human intelligence, enabling them to make decisions and execute complex tasks more efficiently for
businesses. Lu (2019) highlights the significance of Al-specific devices in linking, analyzing, and applying
data, noting that their transformative potential for corporate operations is evident in daily use, such as with
Amazon's Alexa. Despite its ubiquity, the definition of Al remains elusive within the scientific community,
with interpretations ranging from Buchanan and Shortliffe's (1985) symbol-based problem solving to Rich's
(1983) view of Al performing human-like tasks—a notion that continually evolves as Al surpasses human
capabilities. Other perspectives, such as those of Staugaard (1987) and Charniak and McDermott (1985),
see Al as an imitation of human thought or the study of natural cognitive processes. Saleh et al. (2019)
extend this to encompass the level of intelligence in natural beings. The history of Al reflects significant
advancements, from ancient automata to modern developments like Google Transformer and OpenAl
GPT-2, illustrating its evolving functionality in the contemporary era (Luitse & Denkena, 2021).

Artificial Intelligence Capability (AIC)

Artificial Intelligence (AI) comprises several critical technologies such as expert systems, fuzzy logic,
artificial neural networks (ANNSs), machine learning (ML), deep learning, natural language processing
(NLP), reinforcement learning, computer vision, and robotics, all aimed at replicating human intelligence
through computers. Such technologies make Al effective and efficient in its applications, ranging from
advanced data analysis, prediction, and automation in different scopes. One of the Al standouts is machine
learning. This type of Al enables systems to autonomously learn from data without requiring explicit
programming for the learning process. Machine learning is a method of statistical methods that allows
models to train on data so that, over time, they can change and improve predictive accuracy. Machine
learning has applications in domains ranging from anti-malware to dynamic forecasting models that can be
used for effective sifting of complex, uncertain scenarios (Sarker, 2021). Natural Language Processing
(NLP) is the nucleus of Al it includes intelligence and computational linguistics, which enables machines
to understand and interpret human languages. Through NLP, an Al system can process unstructured text,
allowing it to translate unstructured text into actions, for example, by recognizing a speech command,
analyzing text for topic extraction, and translation from one language to another. NLP has brought about
the development of intelligent seatrch engines, responsive chatbots, and assistive technologies for the
visually challenged human being (Sadiku, Zhou, and Musa, 2018). Expert systems aim to imitate the powers
of human expertise in decision-making, using the knowledge and reasoning capabilities that a human being
possesses. These systems evaluate data using rule-based inference and offer expert advice on complex
problems, representing a significant application of Al in business and other domains (Matthew et al., 2020).

Artificial Neural Networks (ANNs), inspired by the human nervous system, are designed to recognize
patterns and categorize information through a structure of interconnected nodes mimicking neurons. They
excel in areas such as medical diagnostics and risk assessment, demonstrating the ability to model complex,
nonlinear relationships rapidly (Matthew et al., 2020).

Reinforcement learning trains systems by trial-and-error, optimizing behaviors through rewards. It is,
however, a topic of very active research, showing much promise in robotics (Kormushev, Calinon, and
Caldwell, 2013). On the other hand, fuzzy logic deals with uncertain decision-making, and deep learning
and data mining grope with solving intricate problems, along with digging out patterns from huge data
(Jiang, 2017). The increase in Al-based solutions in organizations will change the focus of the research from
broad explorations to practical applications and operational support of leveraging Al for organizational
strategic objectives (Mikalef & Gupta, 2021; Bytniewski et al., 2020; Schmidt et al., 2020). All these efforts
are approached from the perspective of integration with technology and nontechnology, such as employee
skills and analytics, to reinforce strategic value (Patrick & Manjul, 2021; Wamba-Taguimdje et al., 2020,
Schmidt et al.,, 2017). Al's support capabilities take tangible assets, human expertise, and intangible
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resources required for strategic benefits (Pandey et al., 2022).

Figurel. Artificial Intelligence Capability

Artificial
Intelligence
Capability
Tangible Human Intangible
= Inter-departmental
: _?_312 ' - Technical Skills Coordination
ecnnology = Business Skills = Organizational
= Basic Resources Change Capacity
= Risk Proclivity

Source: Patrick and Manjul (2021, p.4)

SCM Practices

Supply Chain Management (SCM) practices encompass a range of activities aimed at enhancing supply chain
efficiency, as outlined by various scholars. Donlon (1996) highlichts modern SCM practices such as
outsourcing and the use of information technology, while Tan et al. focus on aspects like quality and
customer relations, identifying six key facets of SCM practice, including integration and customer service
management. The academic consensus underlines that effective SCM practices are vital for enhancing
organizational performance, focusing on five main dimensions: strategic supplier partnerships, customer
relationships, levels and quality of information sharing, and postponement strategies.

These aspects comprehensively cover both the supply and demand sides of the supply chain, along with
information flow and internal processes. A strategic partnership with suppliers, founded on shared risks
and benefits beyond just cost considerations, is crucial for a successful supply chain. This approach
prioritizes long-term collaboration and mutual problem-solving, which is essential for adapting to dynamic
market conditions (Oliver and Delbridge, 2002; Sachdeva et al., 2021; Gunasekaran et al., 2001; Sambasivan
et al., 2013; Talib et al., 2011; Malhotra and Mackelprang, 2012; Islami, 2023).1t is a long-term trelationship
that works in technology, product development, and market development and provides strategic and
operational performance improvements in a mutual win-win manner. This will deal with strategic supplier
partnerships, technology, product development, and market expansions (Stuart, 1997; Gunasekaran, Patel,
and Tirtiroglu,2001). Eatly supplier involvement in the design of products offers huge improvements in
cost efficiency and component selection (Yoshino & Rangan, 1995). Customer relationship management
(CRM) is the process of technology and human integration to create or develop a bond of rapport between
customers with the aim of developing business performance and loyalty through data management and
complaint resolution (Das, S., Mishra, M., & Mohanty, P. K., 2018). Information sharing, therefore, is
indispensable in supply chain management (SCM) for improved visibility and coordination between sales,
production, and logistics through the use of technologies such as electronic data interchange, which
consequently leads to cost savings and inventory efficiency (Lee and Whang, 2000; Frohlich, 2002;
Handfield & Nichols, 1999; Handfield & Bechtel, 2002; Pandey et al., 2010). It eventually facilitates good
information exchange in a high-quality form, which supports improved strategic, tactical, and operational
decision-making while supporting supply chain performance and market responsiveness (Rabren, 2010;
Ramayah and Omar, 2010; Li et al., 2006; Miller, 2005; Raghunathan, 1999). In SCM, the postponement
concept helps to mitigate the risks of product differentiation and balance the speculation strategies between
inventory optimization and response to market demands. Alderson (2006), Bucklin (1965), Shapiro (1984),
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Pagh and Cooper (1998), and Ernst and Kamrad (2000) indicated that postp;)nement i this case, helps to
mitigate these risks.

Al in Strengthening Supply Chain Management

According to a McKinsey survey, 2022, the transformative impacts of Al on supply chain operations are
underlined. It further implies that companies can reduce the logistic cost by 15% with improved demand
forecasting and inventory management, which also helps in increasing the inventory efficiency by 35% and
service level by 65%. More than 150 CEOs, or around 70%, acknowledged that substantial ROI with Al is
identifiable despite the huge cost of the initial investment (Cohen & Tang, 2024). Artificial intelligence helps
in increasing the visibility and resilience of supply chains in that it analyzes various data that will help in
coming up with a premonitory strategy on the way to handle market fluctuations (Ajami, 2023). It also
supports improved operational efficiency, quality control, and promotion of innovation in all sectors.
However, artificial intelligence comes with risks that require full regulation for responsible use and integrity
of the digital ecosystem (Ajami, 2023).

Conceptual Framework
As companies incorporate Al technologies into their operations, it becomes crucial to assess their impact
on Supply Chain Management Performance (SCMP). This research aims to bridge this knowledge gap by
addressing the following key research question and sub-questions:
The primary research question is:

o “What is the effect of Artificial Intelligence on Supply Chain Management Performance?”

Additionally, this study will explore two supplementary research questions, as stated below:

e R.Q1. How does Al capability affect performance improvement at both organizational and
process levels?

e R.Q2. What are the organizational economic benefits of Al-driven transformation initiatives?
The hypotheses formulated for this study are as follows:
e Hypothesis 1: There is a significant positive correlation between Al and SCMP.

e Hypothesis 2: Al capability acts as a mediating factor in the relationship between Al and Supply
Chain Management Performance.

Figure 2. Conceptual Framework

Supply Chain
Artificial Intelligence (Al) =>Management Performance
(SCMP)

Al Capability
(AICAP)

Source: Prepared by the researcher
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Research Methodology

This research adopts a deductive methodology, utilizing theories and generalizations to guide the collection
of primary data through questionnaires. Emphasizing a quantitative approach, the study is anchored in
positivism, relying on scientific literature related to Al, AICAP, and SCMP for its framework. Data will be
analyzed with SPSS, and questionnaires will be shared on social media to target employees in private SMEs
in Lebanon and the United Arab Emirates. These employees, engaged in firms utlizing Al for business
processes, tepresent the study's core demographic, aiming to assess Al's impact on SCM and the
intermediary role of Al capability. The study employs a structured questionnaire to gather data for statistical
analysis to probe the dynamics between Al, Al capability, and SCM. The survey, facilitated via Google
Forms for efficiency and cost-effectiveness, tatgets employees knowledgeable about the study's vatiables in
Lebanon, France, Norway, and the UAE. A total of 60 responses were collected through purposive
sampling, analyzed in SPSS version 29 to investigate the hypothesized relationships among the variables
using descriptive statistics, simple linear regression, and the PROCESS macro by Hayes (2013) for
mediation analysis.

Results and Discussion Findings

The researcher aims at ensuring several analytical approaches that would enhance the identification of the
impact of Al on SCM, particulatly in the Arab world, and have mostly researched Al capabilities as a
moderator. These help in answering questions in research and testing hypotheses based on questions related
to Al, SCM, and Al competence.

Descriptive Statistics
Table 1. Age Descriptive Statistics
Cumulative
Frequency | Percent |Valid Percent|Percent
Valid [18-25y 4 6.6 6.6 6.6

26-35y 23 37.7 37.7 44.3
36-45 y 11 18.0 18.0 62.3
46-60 y 21 34.4 34.4 96.7
above 60y |2 3.3 3.3 100.0
Total 61 100.0 100.0

The age factor in this study shows that the highest number of participants’ age was between 26-35 and 40-
60 years old, in which 37.7% out of 61 respondents was between26-35 and 34.4% was between 40-60 years
old. While the lowest number of participants was between 18-25 years and above 6o years old in which
6.6% out of 61 respondents was between 18-25 years old and only 3.3% out of 61% out of 61 respondents
was above 60 years old.

Table 2. Profession Descriptive Statistics

Cumulative
Frequency |Percent |Valid Percent | Percent
Valid | Employee |30 49.2 49.2 49.2
Supervisor |11 18.0 18.0 67.2
Manager |20 32.8 32.8 100.0
Total 61 100.0 100.0

The participant’s profession result in this study shows that 49.2% out of 61 respondents were employees,
18% were supervisors while 32.8% out of 61 respondents were managers.
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Hypotheses Testing
HT1 analysis: Pearson Correlation and Simple Linear Regression
Table 3. Correlations
Correlations
SCM ArtifInt
SCM Pearson Cotrrelation | 1 .816**
Sig. (2-tailed) .000
N 61 61
ArtifInt | Pearson Cotrrelation | .816** 1
Sig. (2-tailed) .000
N 61 61

The regression analysis was used in this study to determine the effect of each of the aforementioned
hypotheses on the dependent variable. Regression is a statistical technique that aids in analyzing the
relationship among the dependent and the independent vatiable. In our study the independent variable is
artificial intelligence (Al), while the dependent variable is Supply Chain Management (SCM).

Table 4. Simple Linear Regression

Variables Entered/Removed 2

Variables Variables
Model | Entered Removed Method
1 ATb Enter

a. Dependent Variable: SCM
b. All requested variables entered.

The R and R2 values are provided in this table. The R value (the "R" Column) displays the simple correlation
and is 0.810, indicating a high degree of relation. The R2 value (column "R Square") reflects how much of
the entire variance in the dependent variable, SCM, can be explained by the independent variable Al In

this scenario, the model accounts for 66.5% of the variance in supply chain management in terms of artificial
intelligence.

Table 5. Model Summary

Change Statistics
Std. Error
Mod R Adjusted R | of the | R Square | F Sig. F
el R Square | Square Estimate | Change Change | dfl df2 Change
1 8162 |.665 .660 46561 .665 117.285 |1 59 .000

a. Predictors: (Constant), Al

b. Dependent Variable: SCM

The table below shows that the regression model accurately predicts the dependent variable. This reflects
the statistical significance of the regression model used. In this case, p=0.000, which is less than 0.01, shows
that the regression model is statistically significant overall.
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Table 6. ANOVA

Sum of
Model Squares Df Mean Square | F Sig.
1 Regression | 25.427 1 25.427 117.285  |.000
Residual 12.791 59 217
Total 38.218 60

a. Dependent Variable: BPM
b. Predictors: (Constant), Al

In the table below, focus on the Sig. value, which should be less than the tolerable value of 0.01, and the B
coefficient, which indicates the slope of the regression line, from which we can derive the equation y = ax
+ b, which clarifies how the dependent variable (y) changes as a result of a change in the independent
variable (x).

Supply Chain Management = 0.733 + 0.824 * (Al)

Table 7. Coefficients

Unstandardized Standardized
Coefficients Coefficients
Model B Std. Error Beta t Sig.
1 (Constant) |.733 .285 2.570 .013
Al .824 .076 .816 10.830 .000

a. Dependent Variable: BPM

H2: Mediation Analysis (macro-PROCESS of Hayes (2019))

The analysis investigated the impact of Al on Supply Chain Management Performance (SCM) with Al
Capability (AICAP) serving as a mediator, using the PROCESS procedure for SPSS Version 4.2. The study
included 61 participants.

The first model, focusing on AICAP as the outcome variable, revealed a strong positive relationship
between Al and AICAP. The results indicated a significant positive effect of Al on AICAP (b = 0.7141, t
= 8.4657, p < 0.0001), with a high degree of explained variance (R-squared = 0.5485).

The second model, which included Al and AICAP as predictors of the outcome vatiable Process, also
demonstrated robust findings. Al had a significant impact on Process (b = 0.6377, t = 5.8336, p < 0.0001),
and AICAP showed a significant effect (b = 0.2608, t = 2.3004, p = 0.0250). This model explained a
substantial proportion of the variance in Process (R-squared = 0.6933).

The strong evidence of the strong impact of Al was further supported by the total effect model on SCM
as the outcome vatiable, which also showed a strong direct effect on SCM (b = 0.8239, t = 10.8298, p <
0.0001) and explained a considerably high proportion of the variance (R-squared = 0.6653). As well, the
findings on the decomposition of total, direct, and indirect effects demonstrate that the total effect of Al
on SCM is not only significant but also considerable in magnitude. The direct effect from Al to SCM is
significant and independent of the mediational role of AICAP. The significant indirect effect mediated by
AICAP confirms the mediating role of AICAP with its findings but further concludes that there is a strong
mediating role of AICAP in the relationship of Al and SCM. That is, a direct influence is made on SCM
through Al and performance is influenced by Al through AICAP's indirect influence. This model helps us
better understand the mechanisms by which Al enhances SCM performance. These results establish that
Al capability plays a very critical role in the optimization of SCM processes. The results further show that
Al-driven solutions must be embedded into supply chain strategies.
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Evaluation of Findings

The integration of Artificial Intelligence (AI) within Supply Chain Management (SCM) has garnered
significant scholatly attention, particulatly focusing on the interplay between Al, Al capabilities, and their
influence on SCM. This analysis highlights the critical role of Al capabilities as a bridge between Al
technology and SCM enhancements. Initial findings, underscored by a Cronbach alpha reliability test result
exceeding 0.7 for all questionnaire items, affirm the reliability and validity of the research instruments.
Furthermore, a positive correlation was established between Al implementation and SCM improvements,
with significant outcomes such as enhanced customer satisfaction, reduced costs, and increased efficiency,
aligning with broader academic findings that advocate Al as a catalyst for process innovation.

The study also sought to delve into the mediation of Al capabilities in the AI-SCM relationship, factored
in again through linear regression analysis. This, therefore, signifies that the level of positive influence Al
will have on SCM will greatly depend on the ability of the firm to effectively manage these Al technologies.
Therefore, companies investing in their Al capabilities are more likely to leverage Al's full potentials in
streamlining their SCM processes. The findings of this research, therefore, partially agree with the existing
literature such as studies done on Al in marketing through social media for SMEs in Saudi Arabia, Al in
the firm's performance, and the way e-commerce adoption inter-links with the performance of SMEs in Sri
Lanka through the mediational role of AL This underscores the transformational potential of Al in
improving business processes. Towards this direction, companies should develop their AI competencies in
case they want to benefit from the use of Al in SCM. This paper rationalizes the use of Al in SCM by
demonstrating its utility and underscoring core importance for the current time of developing Al
capabilities.

Conclusion and Recommendations

Although the growing field of Artificial Intelligence (Al) has propelled what is considered a gold rush in
business circles in terms of interest and investment, there exists a serious gap between developing a
comprehension of how the traditionally practiced Al impact SCM and the role Al capabilities play in
mediating the traditionally practiced impact. Yet, Al performs well in specialized tasks, which can have a
considerable effect on businesses and SCM. The goal of the present study was to fill the gap in research on
the role of Al in SCM that has been evident in the Arab region.

Significant findings to the level of Al and SCM improvements are showing a strong positive correlation (r
= 0.816), which meant that there is a large effect of Al towards enhancing supply chain efficiency and
effectiveness. Further, validation of the research instruments was appreciated through a Cronbach's alpha
score of 0.974, and the regression analysis indicated that Al accounts for 66.5% of the variance in SCM,
underpinning the pivotal role of Al for SCM optimization.

This study demonstrates how Al can transform Supply Chain Management (SCM) from an economic
perspective through predictive analytics, enhanced decision-making processes, and automation, ultimately
leading to increased productivity, cost reductions, and improved customer engagement. The findings
highlight the necessity for businesses to invest in developing Al capabilities to fully realize the benefits Al
offers to SCM.

It is recommended that businesses invest in technologies such as Al to enhance SCM capabilities, develop
internal Al competencies, and formulate an Al integration strategy. Future research should target larger
sample sizes for broader generalizability, explore specific Al applications within SCM in greater detail, and
continuously monitor Al advancements to keep pace with this rapidly evolving field.
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