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ABSTRACT

Traditional Supply Chain Management (SCM) approaches
are increasingly inadequate for modern global challenges due
to their linear and disconnected nature. Digital transformation
is crucial for addressing the challenges of the conventional
supply chain. This paper examines the role of artificial
intelligence in enhancing supply chain management. After
presenting the literature review, the article analyzes the use
cases of companies. The findings indicate that the main
artificial intelligence applications used in supply chain are
demand forecasting, inventory management, and logistics
optimization. The used artificial intelligence technologies are
machine learning and predictive analytics techniques.
Integrating artificial intelligence into the supply chain
enhances cost reduction, improves inventory management,
mitigates disruptions, and increases resilience, while also
reducing environmental impact. Despite its benefits,
digitalization —presents several risks across multiple
dimensions. Key concerns include inaccuracies within data
sets, as well as issues related to data privacy and security.
Forecasting inaccuracies also pose significant challenges.
Additionally, a critical risk associated with increased
automation is the potential for job displacement, a pressing
issue that remains a concern in the field.
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I. INTRODUCTION

Modern global supply chains (SC) are becoming
increasingly complex, characterized by extensive and intricate
networks of suppliers. While this complexity offers economies
of scale and improved market access, it also increases
vulnerability to disruptions such as geopolitical tensions, natural
disasters, cyberattacks, and shifts in consumer demand. These
threats can cause cascading failures across the network,
requiring a reevaluation of traditional management strategies to
ensure resilience and ongoing operations. Furthermore, the
COVID-19 pandemic has significantly affected various SC
worldwide (Zaoui et al., 2023). It influences multiple aspects of
SC, including finance, lead time, demand fluctuations, and
production performance (Moosavi et al., 2022). On the other
hand, we notice the ripple effect when examining disturbances
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in the SC. This phenomenon happens when a disruption is not
confined to a single area but instead propagates downstream,
influencing the overall functionality of the SC (Ivanov &
Dolgui, 2019).

Traditional Supply Chain Management (SCM) approaches,
which rely on linear and disconnected processes, are proving
inadequate for addressing contemporary global business
challenges. They face difficulties with demand variability,
resulting in stock shortages or surplus inventory due to sluggish
information flow and inflexible planning. Conventional SC
focuses on converting raw materials into finished products while
ensuring timely delivery to final customers. They also
encompass the integration of essential business processes that
facilitate the provision of products and services from suppliers
to end users (Colakovié et al., 2023). Traditional SCM methods
often struggle to address modern global business challenges
because they primarily focus on reducing costs and enhancing
operational efficiency. This emphasis results in rigid, linear
processes that lack the flexibility and responsiveness needed in
today's fast-paced market (Roy et al., 2022).

Moreover, various disruptions, trade wars, and protectionist
policies can break apart existing networks and introduce
unforeseen obstacles. The urgent demand for sustainability,
covering lower carbon footprints and ethical sourcing, often lies
beyond the scope of traditional SCM, which typically lacks
real-time visibility and the ability to optimize the integration of
environmental and social factors across the SC (Zhao et al.,
2025).

Digital transformation is increasingly recognized as essential
for addressing the challenges posed by rapid technological
growth and shifting market needs. It serves as a key foundation
for integrating cutting-edge technologies, such as artificial
intelligence (AI), the Internet of Things, and big data analytics,
into company operations, enabling organizations to stay
competitive  and  innovative. = Implementing  digital
transformation strategies is crucial for streamlining internal
processes, enhancing customer experiences, and fostering
sustainable growth. This transformation extends beyond simply
adopting new technologies; it necessitates a comprehensive
overhaul of business models, methods, and organizational
cultures to remain aligned with the digital era (Jam et al., 2025;
Li et al., 2025)
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This article examines the digital transformation of SCM. Its
main goals include an in-depth analysis of various Al uses
within SCM. The article also discusses the use -cases,
highlighting emerging trends in Al and SCM, and the benefits
they offer in terms of operational efficiency, cost reduction, and
improved decision-making.

II. LITERATURE REVIEW

In this section, we present a review of digital transformation
and Al in SCM, highlighting key applications.

A. Digital transformation in SCM

Digital transformation in SCM involves fully integrating
digital technologies into every aspect of the SC, fundamentally
changing how the SC functions, creates value, and improves
organizational operations and capabilities (Z. Li et al., 2024). It
is a process designed to enhance an entity by initiating
substantial modifications to its attributes through the integration
of information, computing, communication, and connectivity
technologies (Vial, 2019). Furthermore, digital transformation
refers to the method through which a company transforms its
utilization of digital technology to establish a new digital
business model that enhances the customer experience by
modifying the value creation process (Verhoef et al., 2021).

Digitalization not only improves early warning and
preparedness but also enhances the agility and adaptive capacity
of SC during and after disruptions. Advanced digital tools
facilitate faster communication and decision-making across the
SC network (P. Li et al., 2025b). Furthermore, Cutting-edge
technologies such as blockchain, Al, the Internet of Things, big
data analysis, and cloud computing are driving significant
changes in various fields. Together, these technologies improve
operational efficiency, transparency, and resilience. They enable
real-time monitoring, predictive analysis, and resource
optimization, allowing organizations to effectively address
global challenges such as SC disruptions and sustainability
issues (Tsolakis et al., 2023).

With the rise of Al, companies can leverage machine
learning algorithms and big data analysis to gain deeper insights
into their SC activities and make more informed decisions. Al
has proven its effectiveness as a valuable tool for improving SC
functions by automating tasks, forecasting demand, and
identifying opportunities for improvement (Khedr & S, 2024).

B. Al'in SCM: A review of key applications

Al is dramatically transforming SCM by improving
efficiency, decision-making, and operational resilience. Major
Al applications in SCM include demand forecasting, inventory
control, and predictive maintenance. These innovations enable
organizations to adapt quickly to market shifts, reduce costs, and
improve overall SC performance. The upcoming sections
explore these applications and their impacts (Sadeghi R et al.,
2024).

a. Demand forecasting

Al has revolutionized demand forecasting by enhancing
accuracy and operational efficiency across multiple industries.
The adoption of Al technologies, such as machine learning and

predictive analytics, enables companies to predict consumer
behavior and respond to market changes more accurately. This
shift is crucial for SC management, as accurate demand
forecasting can significantly reduce expenses and improve
customer satisfaction. The subsequent sections detail the main
elements of Al in demand forecasting (Paul & Longdet, 2025).
The Al techniques employed in demand forecasting primarily
encompass Machine Learning and Deep Learning
methodologies. Among these, Long Short-Term Memory
(LSTM) networks have gained particular prominence due to
their ability to capture complex temporal dependencies in time-
series data. Unlike traditional forecasting methods, which often
struggle with nonlinear relationships and long-range
dependencies, LSTMs excel in modeling sequential data
patterns over extended periods (Ahsan, K., & Rahman,).

These advanced techniques leverage vast amounts of
historical data, enabling the algorithm to learn intricate patterns
and trends that inform future demand levels with greater
accuracy. Additionally, Machine Learning algorithms such as
Random Forests, Support Vector Machines, and Gradient
Boosting Machines are also utilized to enhance predictive
performance by integrating various data sources and
uncovering hidden insights. Collectively, these Al-driven
approaches provide organizations with a powerful toolkit to
optimize inventory management, reduce costs, and improve
overall responsiveness to market fluctuations (Abbas, 2024).

Predictive Analytics harnesses Al to analyze vast amounts
of historical data, identifying patterns and trends. This enables
businesses to forecast future demand accurately by examining
factors such as seasonality, market trends, and consumer
behavior. Al-driven insights support proactive decision-
making, helping to optimize inventory levels, align stock with
expected demand, and reduce overstock and shortages. Using
these insights, companies can enhance operational efficiency,
reduce costs, and improve customer satisfaction by ensuring
products are readily available when needed (Jones, 2025).

b. Inventory control

Al has revolutionized inventory management by optimizing
stock levels, reducing costs, and enhancing SC efficiency. By
leveraging machine learning and data analytics, Al helps address
challenges like seasonal and macroeconomic fluctuations. This
is especially beneficial for small and medium-sized enterprises
(SMESs) in the retail sector, where traditional methods often fail
to meet their needs. The integration of Al enhances precision
and decision-making in SC operations (Khedr & S, 2024).

Al in inventory management involves utilizing Al
technologies, such as machine learning, predictive analytics, and
real-time data processing, to streamline and automate the
management of inventory levels across different sectors. This
method enhances conventional inventory management by
increasing precision, reducing expenses, and enhancing
operational efficiency (Ahsan, K., & Rahman).

c¢. Predictive maintenance

Predictive maintenance, powered by Al, is transforming
manufacturing by enabling the early detection of potential



equipment failures, reducing downtime, and optimizing
operational efficiency (Saritha et al., 2025). This proactive
strategy enables the early identification of potential problems,
significantly reducing unexpected downtime, which can be both
expensive and disruptive. Additionally, predictive maintenance
not only prolongs the life of equipment but also enhances
operational efficiency by ensuring that maintenance tasks are
performed at the optimal times, thus reducing resource waste
and improving overall productivity. As manufacturers
increasingly implement these innovative Al technologies, they
are more effectively positioned to sustain high levels of
operational reliability and competitiveness in the market.

Predictive maintenance utilizes Al to enhance operational
efficiency by anticipating equipment malfunctions and refining
maintenance schedules. This approach combines several Al
methodologies, including machine learning, natural language
processing, and reinforcement learning, to evaluate sensor data
and historical records, thereby minimizing unexpected
downtime and maintenance expenses. The Al Techniques used
in predictive maintenance include machine learning models,
Natural Language Processing, and Reinforcement Learning
(Ghosh, 2022).

[II.METHODOLOGY

This study employs a quantitative approach to investigate the
use of artificial intelligence in supply chain management
(SCM) across five prominent companies: Amazon, Tesla,
Walmart, IBM, and Pfizer. These firms are recognized as
leaders in the global adoption of Al technologies within their
respective fields. We conduct a detailed data collection process
that encompasses various documents, from the companies
websites, related to Al implementations, the technologies
employed, and the associated benefits and risks. Following this,
we conduct a comprehensive analysis of the collected data,
categorizing the Al applications and technologies while
evaluating their respective benefits and risks.

IV. RESULTS

The analysis of case studies on Al in the digital
transformation of SCM for five major companies enables the
extraction of the most essential Al applications, technologies,
benefits and risks. Al in SCM carries some risks, but its benefits
balance them. By enabling accurate forecasting, smarter
logistics, and faster responses to disruptions, Al lowers costs,
and improves customer satisfaction. While the risks are
temporary and manageable, the advantages create long-term
resilience and efficiency, making Al a powerful driver of
stronger SC.

A. Key Al applications

Figure 1 illustrates that demand forecasting, inventory
management, and logistics optimization form the backbone of
contemporary SC operations, with their applications
increasingly driven by AlL

Demand forecasting utilizes advanced algorithms and
historical data analysis to predict future customer requirements,
enabling businesses to adjust their production schedules and
inventory levels proactively. By leveraging machine learning

techniques, companies can identify patterns and trends that
allow for more accurate predictions, ultimately minimizing
stockouts and excess inventory (Kumar & Nayak, 2024).

Inventory management involves Al-driven systems that
automate stock tracking, optimize reordering processes, and
enhance warehouse operations. These systems analyze real-time
data to ensure that the right products are available at the right
time, improving cash flow and reducing storage costs. With Al
organizations can also implement dynamic pricing strategies
based on market conditions and consumer behavior (Amoo et
al., 2024).

Logistics optimization leverages Al to enhance route
planning, load optimization, and freight management, ultimately
leading to more efficient transportation of goods. By analyzing
various factors, including traffic patterns, weather conditions,
and delivery windows, Al systems can recommend the most
cost-effective and timely shipping routes. This not only
expedites delivery times but also significantly reduces
transportation costs and environmental impact (Liu, 2024).

Other applications are SC support, customer experience,
predictive maintenance, quality control and supply chain
visibility.

The integration of Al in these core areas is crucial for

businesses seeking to achieve efficiency and competitiveness in
the rapidly evolving SCM landscape.
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Figure 1. Key Al applications.

B. Prominent Al technologies

Error! Reference source not found. illustrates that machine
learning and predictive analytics are integral to modern
technology, enabling systems to learn from data and forecast
future outcomes. These techniques enable organizations to
optimize processes, enhance decision-making, and gain



valuable insights. Generative Al enhances creative workflows
and inspires innovative ideas by utilizing advanced algorithms
and deep learning models to generate new content, which can
take the form of text, images, or other media types. Computer
vision enables machines to interpret visual information for
applications such as quality control and surveillance.
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Figure 2. Prominent Al technologies

C. Primary benefits

Figure 1 illustrates that the primary benefits include cost
reduction. According to Yaiprasert & Hidayanto (2024), using
simulated data enhances the precision of machine learning
models, thereby improving cost strategies in the logistics
delivery sector. Other benefits are improved inventory
management and proactive mitigation of disruptions.

Companies that utilize Al also achieve environmental
benefits, improved supplier relationships, and more accurate
demand forecasting. Other benefits are represented by different
elements (ensures vaccine, reduced manual work, faster
process, reduced downtime, lower maintenance, End-to-end
visibility, faster decision-making, and transparency).
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Figure 1. Primary benefits

D. Main risks

Mitigating risks within organizations involves a systematic
approach to identifying, assessing, and prioritizing potential
threats that could affect operational efficiency and strategic
objectives. Risk management is a business process designed to
address various risks that companies encounter today. A typical
risk management process consists of four stages: threat
assessment, vulnerability assessment, impact assessment, and
formulation of risk mitigation strategies (Snedaker & Rima,
2014).

The integration of Al into corporate digital transformation
initiatives presents several critical risks. One primary concern
is data inaccuracies, characterized by variability or errors
within datasets that can lead to flawed analyses and subsequent
decision-making. Additionally, data privacy and security are
paramount; safeguarding sensitive information is crucial, as
any breaches may result in significant legal repercussions and
reputational damage.

Forecast inaccuracies pose another challenge, stemming from
an over-reliance on predictive models that may yield erroneous
expectations if the underlying assumptions or algorithms fail to
align with actual market trends. Furthermore, there is the risk
of over-dependence on automation, which may lead
organizations to overlook subtle insights or anomalies that
necessitate human intervention and judgment. It is essential for
businesses to navigate these complexities carefully to harness
the full potential of Al while mitigating the associated risks.
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Figure 4. Main risks

The challenge of unemployment in a context of digitization,
automation, or robotization is one of the issues facing
economies today. Major qualifiers to the idea that automation
will have a rapid and global impact, leading to significant
overall job losses. From these qualifiers, tasks and activities
within jobs will be automated, rather than entire jobs
(Willcocks, 2024).

Nevertheless, through an empirical approach, Guliyev (2023)
examines the dynamic effects of unemployment by utilizing
dynamic panel data and GMM-system estimation to evaluate



the effects of Al on unemployment. The main results reveal that
artificial intelligence decreases the unemployment rate,
confirming the 'displacement effect' of Al

Conversely, (2021) point out that the implementation of Al
technologies will soon influence employment as certain job
functions become automated. It is anticipated that Al will
replace both routine and non-routine activities. There is an
expectation that humans and machines will collaborate in
unprecedented ways. Changes in the necessary skills for
employability are predicted. Due to the significant impact of
these effects on jobs, the reports consulted recommend the
adoption of collaborative solutions that extend beyond the
confines of organizations and industries, involving other
relevant stakeholders.

The latest Future of Jobs report from the World Economic
Forum predicts that by 2027, 83 million jobs will be lost
worldwide, while 69 million new positions will be created,
resulting in a net decrease of 14 million jobs. According to
McKinsey, up to 30% of the hours worked in the U.S. economy
may be automated by 2030. Additionally, Goldman Sachs’
most recent analysis suggests that Al could put 300 million full-
time jobs worldwide at risk of automation (Stelzner, 2025).

IV. CONCLUSION

The increasing demand for precision, operational efficiency,
and systemic resilience is significantly driving the adoption of
Al in SCM. Enterprises that leverage machine learning for
demand forecasting or logistics optimization can benefit from
cost reduction and improved logistics. Using advanced
predictive analytics can more accurately forecast market
fluctuations and consumer behavior, enabling data-driven
decision-making. Automation technologies enhance process
efficiency by restructuring repetitive tasks, minimizing human
error, and expediting workflows across various functions,
including inventory management and order fulfillment. This
operational enhancement results in significant improvements in
productivity metrics.

However, digitalization carries several risks that can affect
the implementation of technologies and the achievement of
desired outcomes. We cite Data privacy and security concerns,
as well as forecast inaccuracies resulting from over-reliance on
predictive models. There is also a risk of overdependence on
automation, which may cause organizations to miss important
insights that require human intervention. The challenge of
unemployment resulting from digitization and automation
presents a critical issue for contemporary economies. The rapid
development of technology, especially in the realm of
automation, raises serious concerns about substantial job losses.
This issue has emerged as a pressing challenge that requires
thoughtful analysis and strategic action from both policymakers
and companies.
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