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Functional Implementation of Artificial Intelligence in Supply Chains: A
Review of Economic and Environmental Optimization

Abstract:

Supply chain management is one of the most complex activities for companies. It faces several challenges, such
as changing demand, disruptions, and environmental sustainability requirements. This complexity stems from the
very nature of the supply chain, which encompasses a range of activities from raw material procurement and
production to the distribution of finished products. The integration of advanced digital tools such as artificial
intelligence is therefore imperative.

Al contributes to supply chain optimization by improving the coordination of flows and decision-making.
However, existing studies focus on economic and operational gains, while the environmental impacts remain
largely unexplored. This article aims to analyze the main functional applications of Al across all supply chain
activities and highlights AI’s contribution to the environmental optimization of the supply chain by improving the
ecological footprint through optimized management of flows, resources, and various logistics processes. This
research distinguishes itself from previous work by integrating the environmental dimension into the analysis of
Al’s role in supply chain optimization.

To achieve this objective, this study is based on a narrative literature review, which provides a critical synthesis
of the existing literature and analyzes an aspect that has not yet been studied in depth: the impact of artificial
intelligence on the environmental optimization of the supply chain. It is based on the analysis of 62 selected
scientific articles published between 2020 and 2025 and sourced from high-quality scientific databases such as
Scopus, Web of Science, and Science Direct, using keywords such as “supply chain,” “artificial intelligence,” and
“optimization.” The results show that Al improves economic optimizations such as cost reduction and improved
operational efficiency, as well as environmental benefits such as reduced CO2 emissions, energy consumption,
and waste.

This study makes a dual contribution, both theoretical and managerial, by analyzing the contributions of artificial
intelligence to the supply chain and providing a concise overview for companies to understand the opportunities
and challenges of its adoption.

Keywords: Supply chain, Artificial intelligence, Economic optimization, Environmental optimization, Digital
technologies.

Classification JEL : 033, M11

Paper type: Theoretical Research
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1. Introduction

In a context characterized by uncertainty, fierce international competition, and rapid
technological change, supply chain performance depends on companies' ability to adapt to the
digital age, where sustainability plays a central role. The application of artificial intelligence in
supply chain management appears to be a strategic solution for achieving significant
optimizations. (McCarthy, 1960), recognized as one of the first researchers to take an interest
in artificial intelligence, defined it as the science and engineering of making intelligent
machines, particularly intelligent computer programs. He considered it to be the art of making
a machine do things that, when done by humans, require intelligence. Artificial intelligence is
composed of several branches, including machine learning, deep learning, natural language
processing (NLP), computer vision, robotics, and intelligent agents. For Ni et al (2020),
artificial intelligence (Al) and machine learning (ML) tools based on algorithms that learn from
experience are part of the fourth industrial revolution, in which machines are developed to adapt
quickly to make decisions. The implementation of artificial intelligence in supply chains aims
to improve product traceability, transform large amounts of data into useful information through
learning and prediction algorithms, and increase operational efficiency (Aboussikine et al.,
2023).
Several studies highlight that Al plays a crucial role in transforming supply chains into digital
and sustainable supply chains, enabling cost optimization, faster response to customer needs,
effective risk management, improved visibility, real-time decision-making, process automation,
and reduced environmental impact (Dolgui & Ivanov, 2023). Beyond the economic
adavantages, Al tools can optimize supply chains environmentally by reducing CO: emissions
and resource waste (Shahzadi et al., 2024).
However, despite these benefits, the implementation of artificial intelligence faces many
obstacles, including the very high cost of technology, resistance to change, lack of skills, and
data quality.
Research confirms that Al plays an important role in enhancing supply chain performance,
reducing cost and imporoving efficiency. On the other hand, previous studies mostly
concentrate on the economic dimension by assessing the impact on performance and decision-
making in a manner tied to environmental dimension and sustainability matters (Toorajipour et
al., 2021) . Furthermore, there is a very limited number of studies that are comprehensive in
explaining the impact of artificial intelligence on both dimensions, economic and
environmental over the supply chain as a whole. This gap in the literature indicates a lack of
comprehensive study and creates a need for further analysis on that subject.
This article aims to analyze in detail the influence of artificial intelligence on all supply chain
activities, including procurement, storage, production, transportation, and distribution, as well
as the optimizations possible at each stage of the logistics process thanks to Al. In this regard,
this article aims to address the following issue: « To what extent does artificial intelligence
optimize the various activities in the supply chain? ». This issue gives rise to the following
two research questions:

« What are the main applications of Al in the supply chain?

« What are the obstacles to implementing Al?

« What are the main economic and environmental optimizations achieved through

the use of artificial intelligence in the supply chain?
More specifically, this article presents, through a review of the narrative literature, a functional
cartography of Al applications by logistics activity, their impact on economic and
environmental optimization, and the main obstacles to their implementation. This article is
organized into three sections. The first section presents the application of Al in supply chain
activities. The second section analyzes the economic and environmental optimizations achieved
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through the implementation of Al. Finally, the third section discusses the main obstacles to the
adoption of artificial intelligence in the supply chain. Through this analysis, our work
contributes to a better understanding of how artificial intelligence can enhance the global
performance of supply chains while supporting environmental sustainability.

2. Literature review

Al has become a key strategic lever for the digital transformation of the supply chain. Its
application can be extended to the entire logistics cycle, from planification to final distribution,
including production, control flow and supplier intersection. These technologies are integrated
into advanced systems such as digital twins, smart factories, autonomous robots, and predictive
analytics platforms, which form the foundations of Supply Chain 4.0 (Jahin et al., 2023).

An analysis of Al applications is essential to understanding their role within the various
functions of the supply chain. To this end, the literature review is organized around the main
functions of the supply chain namely, procurement, production, and transportation and logistics
which are key drivers of the digital transformation of the modern supply chain. Each function
is analyzed in terms of the major contributions of the literature as well as their main limitations.

2.1. Procurement

Procurement is the first step of the supply chain, where important decisions are made in term
of supplier choice, cost control, input quality, conformity to standards, and flow continuity. In
today's environments, characterized by uncertainty (economic, geopolitical, climatic) and high
demand variability, Al has become an indispensable technical lever for managing complexity,
increasing process agility, and ensuring better visibility of influential internal and external
variables (Shahzadi et al., 2024). Existing studies show that the adoption of Al in procurement
processes helps achieve economic optimisation by reducing procurement costs, streamlining
timelines, and improving the quality of decisions, while also generating environmental benefits
through the selection of responsible suppliers.

Here are the main technological applications of Al in procurement, along with the tools used
and types of modeling.

Table 1: Applications of artificial intelligence in procurement

» Predictive models and machine learning: Historical purchase data, seasonal factors,
external market forecasts, and even meteorological data are fed into machine learning
models to anticipate future purchase volumes. These models make it possible to calibrate

Forecast, orders according to variations in demand, which helps to plan supply more accurately
Dynamic and reduce the number of manual adjustments.

Adjustment of | « Demand sensing: This is a more reactive version of forecasting, where weak signals are
Requirements detected in real time to adjust purchase forecasts.

« Scenario simulation: To anticipate the rise or fall of certain risks (shortages, cost
increases, supplier delays), Al tools combining simulation algorithms can be used to
model several supply scenarios to determine the required stock levels, purchase schedule,
or quotes to be issued.

« Analysis of structured and unstructured data: Al tools leverage various data sets,
including supplier performance history, quality control results, delivery times, audits,

Supplier financial data, and external data using SQL, text mining/NLP techniques, or open-source
Selection and scraping to analyze potential risks.
Evaluation « Dynamic supplier segmentation: Using clustering or classification algorithms, suppliers

can be grouped according to profiles (reliability, cost, capacity, location, risk level).

« Supplier rating/scoring systems: Al can be used to assign numerical or weighted scores
based on guantitative and qualitative criteria to compare suppliers.

Automation of | « Intelligent S2P / P2P platforms: These platforms incorporate Al-based features to

Procurement automate workflows: generating requests for quotes (RFQs), automatically matching
Processes relevant suppliers, analyzing bids, assisted negotiations, and automating the processing
(Source-to- of purchase orders and invoices.
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Pay / Procure- | = Generative artificial intelligence (GenAl): In some recent cases, platforms use generative
to-Pay) models to draft or suggest contract clauses, analyze existing contracts for risks or
inconsistencies, propose negotiations, or summarize complex terms for decision-makers.
+ Predictive risk models: By combining internal data (performance, deadlines) and external
data (financial, geopolitical, climatic, regulatory), Al can anticipate disruptions, supplier
failures, or potential disturbances. These models are based on techniques such as Random

g:g;?itg;e Risk |~ lorest XGBoost..
Detection * Text analysis/NLP for compliance: Systems automatically analyze text, contracts,

clauses, certifications, regulations, and media to detect regulatory changes, disputes, or
weak signals of supplier dissatisfaction.

» Real-time monitoring: By integrating continuous data streams, Al tools can
automatically trigger alerts when certain risk thresholds are exceeded.

Source: (Ansari et al., 2020; Zoungrana, 2020)

From an economic perspective, these various applications make it possible to improve the
accuracy of demand forecasts, reduce costs associated with planning errors, and enhance supply
chain resilience. From an environmental perspective, they facilitate the integration of
sustainability criteria into the supplier selection process, such as CO: emissions, energy
footprint, and resource management practices, thereby contributing to a reduction in the overall
environmental impact of the supply chain (Tseng et al., 2019).

However, these benefits are subject to several limitations, including reliance on high-quality
data, technological integration constraints, and the complexity of information systems. In this
regard, several studies have highlighted the challenges associated with integrating artificial
intelligence into procurement processes.

Ivanov et al. (2019) and Kache & Seuring (2017) emphasize that the effectiveness of Al systems
depends heavily on the availability and quality of data, as well as on companies’ ability to
integrate these technologies into complex information environments. Furthermore, other
research has identified the main technical limitations associated with these applications. These
limitations can be grouped into several categories:

« Data quality and integrity: The absence or poor structuring of historical data, supplier
information, or performance feedback makes certain models unreliable.

« System interoperability: Intelligent purchasing platforms often need to integrate with
other systems (ERP, financial systems, CRM systems), which poses technical
challenges in terms of interface, standardization, and data synchronization.

« Complexity of processing unstructured data: NLP processing, while powerful, must
overcome challenges related to language diversity, format variations, input errors, and
biases in texts (e.g., non-standardized contracts).

Al in procurement manifests itself primarily through the implementation of predictive
technologies, sophisticated analytics, process automation, and proactive monitoring tools.
These applications go beyond technical modernization, they change how data is collected,
structured, analyzed, and exploited, and alter the nature of decisions in the purchasing process,
which become more focused on anticipation, compliance, and responsiveness. Thus,
researchers confirm the central role of artificial intelligence in improving the optimization of
procurement activities, both economically and environmentally. Nevertheless, these
contributions remain dependent on specific technical and organizational conditions.

2.2. Production

The production function plays a significant role in the supply chain, as it links demand planning
to manufacturing operations. In a context where companies are seeking to balance flexibility,
traceability, and responsiveness in the face of uncertain markets, artificial intelligence is a major
technological pillar of industrial transformation. It enables the use of data from machines,
sensors, ERP and MES (Manufacturing Execution Systems) to support decision-making at
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various levels: strategic, tactical, and operational (Huang et al., 2021). Al is not a single
technology, but a set of algorithmic models machine learning, computer vision, deep learning,
natural language processing that interact to analyze, interpret, and predict the behavior of
industrial processes. These models are now integrated into Industry 4.0 architectures,
combining loT (Internet of Things), cloud computing, digital twins, and cyber-physical systems
(Dolgui & Ivanov, 2023). Several research highlight that integrating Al into production
processes is a way to improve industrial performance. Huang et al. (2021) emphasize the role

of Al in optimizing decision-making processes, While Dolgui & Ivanov (2023) stress its ability
to enhance the resilience and adaptability of production systems in the face of disruptions.
Production planning and scheduling are one of the historical fields of application for Al in
industry. Optimization models based on machine learning and neural networks are used to
manage complex systems where time, resources, and cost constraints must be balanced.
Algorithms such as deep neural networks (DNN), genetic algorithms, and reinforcement
learning methods now make it possible to continuously optimize the sequence of production
tasks. For example, an Al system can adjust scheduling based on delays in raw material
delivery, machine availability, or variations in demand, while respecting capacity and
maintenance constraints (Wang et al., 2024). These applications help reduce operational costs,
improve resource utilization rates, and shorten production lead times, while also contributing
to environmental benefits by reducing energy consumption and resource waste through more
efficient allocation of inputs (H. Zhang et al., 2022).

A second important contribution of Al in production concerns automated quality control.
Thanks to computer vision systems coupled with deep learning models (CNN-Convolutional
Neural Networks), companies can automatically identify visual anomalies on production lines
like welding defects, scratches, assembly errors, deformations, etc. These systems operate at
speeds and with greater precision than human inspection, while adapting to product variations.
Cameras connected to Al models also enable continuous monitoring of the production process,
detecting deviations in tolerances or abnormal equipment behavior (H. Zhang et al., 2022). In
some cases, vision is combined with voice recognition or sound analysis (acoustic monitoring)
to detect auditory anomalies in engines or machine tools. These combinations of multisensory
signals illustrate Al's ability to simultaneously exploit multiple types of data to improve control
accuracy (Raza, 2023). These systems help minimize costs associated with production defects
and product returns; they also contribute to reducing scrap, industrial waste, and resource
consumption linked to non-conforming production.

Another area where Al is applied is pedictive maintenance. Unlike preventive maintenance
(based on fixed intervals), predictive maintenance relies on the real-time collection of data from
sensors (vibration, temperature, pressure, electrical current) and its analysis by machine
learning models. Algorithms such as random forests, LSTM (Long Short-Term Memory)
networks, and autoencoders detect weak signals that indicate an imminent failure. This allows
intervention only when necessary, avoiding unplanned production stoppages and extending the
life of equipment (Huang et al., 2021). Digital twins play a fundamental role here. A digital
twin is a virtual replica of a physical asset that integrates real-time data, simulating the behavior
of the machine to predict failures and virtually evaluate different scenarios. Al also contributes
to the optimization of industrial processes by automatically adjusting production parameters to
maintain performance as close as possible to optimal conditions. Multi-objective optimization
and reinforcement learning algorithms are used to adjust conveyor speed, temperature, pressure,
or mixture composition based on actual conditions observed on production lines.

Modern production systems integrate 10T networks and Al-based traceability systems, enabling
the entire life cycle of a product to be tracked, from the manufacturing station to packaging.
These technologies use image recognition, data stream processing, and blockchain to ensure
the consistency and integrity of information. Al also contributes to the management of internal
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flows (WIP - Work In Progress), by locating and tracking semi-finished products in workshops
via cameras, RFID sensors, or BLE beacons. This real-time traceability makes it possible to
synchronize production with planning and avoid bottlenecks (lung, 2019).

The studies analyzed show that artificial intelligence is a structural component of industrial
management. In production, it enables the conversion of operational data into intelligent
decisions, ensures continuity between planning, execution, and control, and equips industrial
systems with self-learning capabilities. Al transforms production into a cognitive ecosystem,
where machines, systems, and operators interact in a spirit of continuous improvement and
adaptability. This evolution paves the way for autonomous and resilient production, which is
one of the cornerstones of the supply chain.

2.3. Transportation and Logistics

Transportation and logistics are a central link in the supply chain, ensuring the efficient
movement of raw materials and finished products. The complexity of flows, capacity
constraints, and variability in delivery times require tools capable of processing large volumes
of data and making quick decisions. Artificial Intelligence (Al) has become a major lever for
managing these processes, combining machine learning, optimization, computer vision, and
natural language processing (Bharadiya, 2023). The studies of Bharadiya, (2023) highlight the
role of Al in last-mile management and the planning of delivery routes.

Table 2: Applications of Al in transportation and logistics

Al algorithms, such as reinforcement learning and genetic algorithms, can generate
optimized routes for transport fleets, considering traffic, delivery schedules, vehicle
capacity, and external conditions (Konstantakopoulos et al., 2022).

Route Optimization

In warehouses, Al facilitates real-time inventory management and automation of

Inventory and | operations. Predictive algorithms analyze product turnover and historical demand to
Warehouse adjust replenishment levels. Collaborative robots, coordinated by Al systems, perform
Management picking and sorting with precision, reducing downtime and improving the flow of

internal processes (Feizabadi, 2022).

Al integrated into loT, GPS, and RFID systems enables continuous tracking of
shipments and vehicles. Intelligent platforms, such as FourKites, leverage this data to
detect delays or incidents and automatically adjust resource planning.

Tracking and
Traceability

Risk Management Al models detect anomalies in the logistics network and anticipate disruptions, whether
related to transport delays, incidents, or congestion at logistics hubs (Ivanov, 2023).

Source: Authors

These applications have the potential to improve the performance of logistics systems,
particularly through the optimization of flows, improved planning, and enhanced operational
coordination. Several studies also link them to sustainability issues, although these have not
always been the subject of in-depth research. Furthermore, some studies highlight the role of
Al in the emergence of more adaptive and integrated logistics models, particularly in the context
of urban logistics and last-mile delivery. However, these studies also underscore the existence
of tensions between operational performance requirements and sustainability goals, particularly
in environments characterized by constraints related to speed and flexibility. Al is transforming
transportation and logistics into intelligent, adaptive processes capable of managing the
complexity and variability of flows. Predictive systems, autonomous robotics, and tracking
platforms ensure dynamic coordination of operations, laying the foundation for a responsive
and flexible supply chain.

An analysis of the various applications of artificial intelligence in key supply chain activities
underscores the role of Al technologies in transforming logistics systems. The studies reviewed
show that Al has a positive impact on planning, coordination, and decision-making, enabling
significant economic and environmental optimizations.
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It therefore seems appropriate to analyze in greater depth the economic and environmental
optimizations resulting from the adoption of Al in the supply chain, which is the subject of the
following section.

3. Economic and Environmental Optimizations through Al

The current environment is characterized by market volatility, complex supply chains, and
gradually changing customer needs. Therefore, optimal supply chain management is important
for companies seeking to improve their competitiveness and sustainability. Supply chain
optimization is not limited to minimizing costs but also aims to balance quality, lead times,
costs, flexibility, and reduced environmental impact (Ghoubach & El Amine, 2024). Traditional
optimization methods that focus primarily on cost reduction have become insufficient.
Companies should adopt a comprehensive approach that includes the various elements that
impact supply chain performance, such as meeting deadlines, product or service quality,
flexibility, agility, and advanced technological tools that can have a positive impact on
operational efficiency and customer satisfaction. As a result, supply chains face the dual
challenge of achieving economic optimization through cost reduction and environmental
optimization through minimizing the negative effects of the supply chain on the environment.

The use of artificial intelligence technologies appears to be an effective solution. Artificial
intelligence is perceived by Frimousse & Peretti (2024) as “a revolution within a revolution:
an algorithmic revolution within a digital revolution.” Artificial intelligence can be used by
managers in various activities throughout the supply chain, such as demand planning,
purchasing, inventory management, production, risk management, transportation, and
distribution. Zhang et al. (2023) studied the impact of e-commerce development on the increase
in the volume of goods. The study mentions that in 2018, the express delivery sector in China
achieved 50.5 billion units, which prompted several companies in the logistics sector to use
artificial intelligence to improve efficiency and optimize logistics flow management.

Al is applied in the logistics chain to improve performance from a Lean and Agile perspective.
Several companies are investing in digital solutions to optimize their supply chain operations.
Figure (1) illustrates the global adoption rate of artificial intelligence in the supply chains of
industrial companies (Mohsen, 2023). The literature indicates that Al enhances companies'
ability to respond to changes in demand, eliminate waste, and improve collaboration and
consumer satisfaction.

Figure 1: Global Al adoption rate in supply chain and manufacturing businesses (2022 and 2025)

Source: Statista (2022).

Al can therefore change the way the supply chain operates and optimize routes, forecasting,
fleet management, and real-time delivery tracking (Ousmane et al., 2023). Artificial intelligence
offers both economic and environmental benefits, enabling a higher level of competitiveness to
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be achieved. The impact of Al on the supply chain can be analyzed from two perspectives.
From an economic perspective, which concerns costs, productivity, and the resilience of the
supply chain. From an environmental perspective, which relates to CO2 emissions, resource
consumption, and waste generation. However, these two dimensions are not always compatible,
raising the question of trade-offs between economic and environmental optimizations.

The following presents an analysis of recent scientific literature on supply chain optimizations
and environmental improvements that can be achieved through artificial intelligence.

3.1. Economic Optimizations

Artificial intelligence plays a crucial role in strengthening the supply chain. One of the main
advantages of using Al in logistics management is cost reduction. From this perspective, the
economic optimization delivered by Al relies on several mechanisms that enable measurable
gains in logistics costs, productivity, and service levels.

Improved forecasting is a key driver of economic optimization. A 2022 McKinsey survey shows
that Al makes it possible to leverage real-time data, refine production and inventory approaches,
and make accurate demand forecasts, leading to lower costs and more economical logistics
practices. Companies that have adopted Al in their supply chains have seen a 15% reduction in
logistics costs, a 35% increase in inventory efficiency, and a 65% improvement in service
levels. Seventy percent of managers at more than 150 companies report a significant return on
investment from artificial intelligence (Cohen & Tang, 2024). Similarly, Balouza (2024)
confirms through the results of an empirical study that the application of artificial intelligence
to production planning increases the efficiency of supply chain management. Mohsen (2023)
also reported that the integration of prediction algorithms enables better resource management
and reduces transportation and inventory costs. These results demonstrate that improved
forecasting helps reduce operational uncertainties, optimize resource allocation, and improve
the service rate, which is a key economic performance indicator. Another key mechanism
involves optimizing inventory levels using the analytical capabilities of Al. Artificial
intelligence performs precise calculations and machine learning, as well as analyzing historical
trends and creating prediction models based on the results, which improves real-time inventory
management. Al systems simplify route planning, schedule consumer requests, and adjust
inventory levels as needed. This helps control inventory management by avoiding the costs
associated with overstocking and stockouts. This optimization helps improve inventory
turnover, reduce storage costs, and minimize losses from excess inventory, thereby enhancing
the overall profitability of logistics operations (Vakulabharanam, 2020).

Furthermore, optimizing logistics operations and transport routes is a key driver of productivity
improvement. Al helps efficiently manage warehouses, deliveries, and collection points to
ensure timely delivery to customers (Ousmane et al., 2023). Artificial intelligence ensures
product availability by monitoring and adjusting inventory levels, and its integration into virtual
assistants across various industries promotes increased productivity and collaboration (Ajami
& Karimi, 2023). The use of optimization algorithms helps reduce travel distances, improve
resource utilization, and lower transportation costs, resulting in a significant improvement in
operational productivity (Gulen, 2023).

Al also improves visibility by providing detailed mapping of the supply chain, helping to avoid
risks and disruptions that supply chains may encounter. Al monitors market demand and
changes in supply by analyzing all data to prevent disruptions, enabling companies to develop
preventive strategies to proactively strengthen supply chain resilience (Balouza, 2024). This
increased visibility helps reduce the costs associated with disruptions and improves operational
continuity, thereby contributing to better economic performance (Dolgui & Ivanov, 2023).
Furthermore, predictive maintenance serves as an additional mechanism for cost optimization
made possible by artificial intelligence. By analyzing data from sensors, Al systems can identify
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early warning signs of failure and schedule maintenance before major breakdowns occur. This
mechanism reduces corrective maintenance costs, minimizes unplanned downtime, and
improves equipment availability, thereby boosting productivity and reducing financial losses
(Zdolsek Draksler et al., 2023).

The intelligent automation of logistics processes is another key mechanism contributing to
economic optimization. The integration of Al-based tools enables the automation of tasks such
as order management, data processing, and the coordination of information flows. Automation
reduces human error, speeds up operations, and lowers administrative and operational costs,
thereby improving supply chain efficiency (Ali et al., 2025).

The following table summarizes the benefits derived from the application of artificial
intelligence in supply chain management:

Table 3: Summary of the advantages of Al in the supply chain

Benefits Reference
“The integration of Al provides companies with an autonomous supply chain that can | (Stoyanov,
transform into a conscious, self-managed, and self-defining system.” 2021)

“Real-time monitoring and control of Al-enabled production and logistics processes can | McKinsey &
lead to increased responsiveness and flexibility in supply chain management. This can help | Company
companies adapt quickly to changes in demand and other disruptions, leading to improved | (2021)
performance.”
“Al can improve transparency in supply chain management by providing real-time visibility | (Gulen, 2023)
into logistics and production processes. This can help companies identify and respond to
issues more quickly, reducing waste and increasing efficiency.”

“Al can improve collaboration between different stakeholders in the supply chain, such as | (Mohsen, 2023)
suppliers, manufacturers, and retailers. By facilitating communication and information
sharing, Al can help companies work together more effectively, leading to better
performance. “

Source: Authors

In summary, studies show that artificial intelligence improves the economic efficiency of the
supply chain by lowering costs, improving productivity, strengthening resilience, and
generating significant returns. However, widespread adoption requires overcoming structural
barriers and ensuring responsible use of the technology.

3.2. Environmental Optimizations

Given the economic and ecological crises that have affected the entire world, companies
increasingly need a sustainable and responsible supply chain. The implementation of a green
supply chain seems to be the effective solution for a more environmentally friendly future
(Frimousse & Peretti, 2024). Artificial intelligence technologies facilitate the transformation of
the supply chain into a digitalized and sustainable supply chain capable of responding to both
economic and environmental constraints. In addition to its role in improving operational
efficiency, Al contributes to the environmental sustainability of all supply chain activities,
including procurement, production, transportation (by optimizing routes to minimize the carbon
footprint), warehousing, distribution, and reverse logistics (Ousmane et al., 2023).

In upstream supply chain activities, particularly in procurement, Al enables firms to assess
suppliers’ environmental performance, select more sustainable partners, and incorporate
environmental criteria into their sourcing processes (Govindan et al., 2022).Pant & Palanisamy
(2025) expand on this idea by pointing out that artificial intelligence enhances traceability and
environmental transparency by improving supply chain visibility through monitoring suppliers'
environmental activities and regulatory compliance. Lin et al. (2025) add that artificial
intelligence facilitates carbon footprint tracking and the assessment of sustainable practices at
all links in the supply chain. In terms of production processes, Al helps optimize energy
consumption through predictive maintenance systems and intelligent control of industrial
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operations (H. Zhang et al., 2022). Al also contributes to the eco-design of products by enabling
the simulation of various design scenarios that incorporate environmental criteria, thereby
helping to reduce the environmental impact throughout the entire product lifecycle (Bocken et
al., 2016).

In warehousing operations, Al helps optimize the management of internal flows, reduce
unnecessary movement, and improve warehouse energy efficiency, particularly through
automation and the use of advanced energy management systems (Perotti et al., 2025).
Furthermore, Al helps improve vehicle load factors, synchronize logistics operations, and
reduce empty runs, thereby helping to mitigate the environmental impact of transportation
activities (lvanov, 2023). Artificial intelligence, as mentioned by Sanz et al. (2018) enables the
design of optimal routes, which has a positive effect on the environment, particularly in terms
of reducing CO2 emissions and saving fuel costs. American companies are adopting green
logistics practices that also aim to reduce delivery frequency, optimize fleet utilization, and
adopt energy-efficient technologies. In the US, companies are increasingly using Al-based
predictive analytics to consolidate flows, thereby reducing unnecessary transportation and
significantly lowering carbon emissions (Cohen & Tang, 2024). In the distribution sector, Al
also promotes the development of more sustainable logistics models, such as collaborative
delivery, the consolidation of shipments, and the use of low-emission alternative modes of
transport (Sharma et al., 2021).

Finally, Al plays an important role in reverse logistics management by facilitating the
collection, sorting, and recovery of end-of-life products. It thereby helps improve recycling,
reuse, and remanufacturing rates, actively contributing to the development of circular economy
models (Akkermans et al., 2024). Bibliometric analysis conducted by Noman et al. (2022)
reveals that artificial intelligence simplifies waste sorting and recycling, which improves
circular models in the supply chain. Similarly, Li et al. (2020) confirm that integrating artificial
intelligence algorithms into production planning helps reduce industrial waste and use resources
efficiently.

Research to date agrees on the crucial role that artificial intelligence plays in building more
sustainable supply chains, although the challenge remains of balancing the environmental
benefits with the energy costs associated with its implementation. Overall, Al has become a key
driver of efficiency, sustainability, and innovation in the supply chain, offering numerous
benefits to businesses while helping to reduce the environmental impact of supply chain
operations.

However, achieving these environmental optimizations depends on a number of conditions.
First, the quality, availability, and integration of data are essential prerequisites, as incomplete
or biased data can lead to environmentally ineffective decisions (Jarrahi, 2018). Second, the
energy mix of digital infrastructure plays a decisive role; the use of data centers powered by
fossil fuels can significantly reduce, or even negate, the environmental gains generated by
operational optimization (Balouza, 2024). Furthermore, the governance of Al systems appears
to be a key success factor, involving the establishment of organizational and regulatory
frameworks to ensure transparency, traceability, and alignment of Al systems with
sustainability objectives (Chaudhuri et al., 2024).

Furthermore, other factors also determine whether these benefits are actually realized, such as
companies’ level of digital maturity, employees’ skills, and the feasibility of integrating Al
tools into existing decision-making processes (Kache & Seuring, 2017). Data security,
customer privacy, and regulatory issues also require special attention to ensure the successful
integration of artificial intelligence into the supply chain.

Analysis of existing research shows that the implementation of artificial intelligence in the
supply chain has a dual impact, both environmentally and economically. It enables significant
optimizations, contributing positively to improving business performance and productivity.
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The figure below illustrates the main economic and environmental optimizations achieved
through the integration of artificial intelligence into the supply chain.

Figure 2: Supply Chain Optimization
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From this perspective, the relationship between economic and environmental optimization
appears to be synergistic, insofar as many Al tools make it possible to reduce both operational
costs and the environmental footprint, particularly through the optimization of physical flows,
resource optimization, and support for the circular economy. This “win-win” approach
demonstrates that technological innovation is a driver of sustainability. However, this
relationship is not always aligned and may lead to trade-offs, particularly in the short term.
Indeed, the implementation of Al technologies often involves high initial investments related
to digital infrastructure, skills, and system integration, which can act as a barrier for some
companies (Kache & Seuring, 2017). Furthermore, the energy consumption of data centers and
Al systems can generate a significant carbon footprint, which may partially offset the
environmental gains achieved at the operational level (Balouza, 2024).

Thus, achieving economic and environmental optimizations depends on companies’ ability to
effectively balance these two dimensions by adopting a long-term vision and integrating
environmental criteria into their technology investment decisions. From this point of view, Al
is not merely a tool for optimization, but also a strategic lever that requires appropriate
governance to balance economic and environmental performance.

4. Barriers to Al Adoption in Supply Chain Management

The barriers to Al adoption in SCM are multidimensional, evolving, and deeply interconnected,
shaped by both the dynamic technological landscape and the broader sociotechnical
environment in which supply chains operate. This These obstacles can be divided into three
categories : technological barriers, organizational and human barriers, and contextual and
regulatory barriers each systematically examined through general empirical findings, sector-
specific illustrations (e.g., SMEs, humanitarian supply chains, port logistics), and actionable
overcoming strategies. This tripartite structure, informed by systematic reviews and empirical
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studies published between 2022 and 2025, aims to enhance both the readability and the
analytical coherence of the analysis (Bag et al., 2021; Modgil et al., 2022).

Beyond cataloguing persistent challenges, this analysis simultaneously identifies emerging
pathways for responsible and scalable Al adoption. By explicitly accounting for disparities in
digital maturity from multinational corporations to resource-constrained SMEs and
humanitarian actors it underscores the necessity of adaptive, context-sensitive frameworks that
condition both the pace and the scope of Al integration in supply chain ecosystems.

4.1. Technological Barriers

Technological barriers constitute a primary and multifaceted impediment to Al adoption in
Supply Chain Management (SCM). They encompass challenges related to digital infrastructure,
complex algorithms, and the tools required to deploy advanced systems such as machine
learning (ML), predictive analytics, and digital twins. A systematic review indexed in Scopus
highlights data quality and availability as central issues: fragmented, biased, or incomplete
datasets compromise the reliability and accuracy of Al models, leading to predictive errors and
heightened operational risks, with estimated efficiency losses ranging between 15% and 30%
in global supply chains (Bag et al., 2021). For instance, in humanitarian supply chains analyzed
by Anene & Clement (2022), the integration of predictive analytics is hindered by fragile
infrastructure in volatile environments, where loT sensors often operating in hybrid
configurations with Al suffer from connectivity interruptions, thereby reducing end-to-end
visibility by 20-40%, according to empirical simulations. A recent empirical study on small
and medium-sized enterprises (SMEs) corroborates these findings, identifying cloud system
scalability as a major constraint for big data processing. High computational costs limit access
to advanced technologies, reinforcing digital maturity disparities across organizations (Schlegel
et al., 2023; Daios et al., 2025).

Another critical and recurring barrier is system interoperability. Al solutions must integrate
seamlessly with legacy platforms such as ERP, TMS, and WMS; however, heterogeneous
protocols and disparate standards create persistent data silos. A Web of Science survey of 300
SCM managers reports that 45% of respondents identify incompatibility as the main
technological bottleneck. Further extend this analysis to Al-blockchain hybrid architectures,
where scalability challenges particularly real-time data processing of massive volumes hamper
adoption, resulting in latency increases of 15-30% in industrial cases and a growing dependence
on complex middleware solutions (Culot et al., 2024). In addition, cybersecurity and data
privacy vulnerabilities remain major concerns, with studies reporting a 20% rise in cyber
incidents within digitalized supply chains. Empirical evidence further quantifies initial
implementation cost increases of 20-50%, rendering Al adoption prohibitive for resource-
constrained firms (Hangl et al., 2022; Modgil et al., 2022).

To overcome these technological obstacles, four strategies have been empirically validated.
First, the adoption of low-code/no-code Al platforms lowers the technical entry barrier for
organizations with limited IT expertise. Second, strategic cloud partnerships (e.g., AWS,
Azure) provide scalable, cost-efficient infrastructure, particularly for SMEs. Third, the
standardization of interoperability protocols (e.g., API-first architectures) facilitates seamless
integration of Al with legacy ERP and TMS systems. Fourth, federated learning and differential
privacy frameworks simultaneously address cybersecurity and data sovereignty concerns.
Longitudinal case studies confirm that such modular approaches can reduce integration costs
by 25-35% while improving interoperability outcomes (Hangl et al., 2022). Collectively,
technological readiness, interoperability maturity, and cybersecurity governance constitute the
foundational prerequisites for the sustainable and large-scale deployment of Al in supply chain
ecosystems.
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4.2. Organizational Barriers

Organizational barriers stem from the internal dynamics of firms, encompassing resistance to
change, deficits in specialized competencies, and a lack of strategic managerial support. A
qualitative study indexed in Scopus focusing on Moroccan and European firms identifies the
perceived complexity of Al as a dominant inhibitor, where fear of automation and insufficient
training generate human resistance, reducing adoption rates by 40-50% in hierarchical
organizations (Najari et al., 2025). This aligns with Treiblmaier (2018), who examined
decentralization challenges in SCM: implementing Al necessitates a redistribution of decision-
making processes, yet rigid organizational cultures and deliberative managerial attitudes hinder
this transformation (Hangl et al., 2022). A shortage of specialized Al expertise emerges as
another critical challenge. Reviews indexed in Web of Science highlight significant gaps in data
scientists, machine learning engineers, and qualified SCM professionals, a deficiency
particularly acute in SMEs where budgetary constraints limit recruitment and training (Cadden
etal., 2022). Furthermore, high investments in software, hardware, and workforce development
discourage smaller entities. In humanitarian supply chains, NGOs struggle to fund Al initiatives
despite their resilience benefits, resulting in project failure rates exceeding 35% (Anene &
Clement, 2022; Culot et al., 2024). Without strategic commitment from top management, Al
initiatives are prone to failure, with adoption rates falling below 30% in organizations lacking
a clear ROI vision (Verma et al., 2022).

To address these barriers effectively, three categories of interventions have proven most
effective. At the individual level, hybrid training programs combining e-learning, on-the-job
coaching, and Al literacy workshops reduce resistance and build internal competencies. At the
structural level, academia—industry partnerships and dedicated Al Centers of Excellence
facilitate access to specialized talent while aligning Al projects with strategic objectives. At the
managerial level, the systematic development of phased implementation roadmaps and total-
cost-of-ownership (TCO) frameworks strengthens executive commitment and secures long-
term organizational buy-in. Empirical evidence confirms that these combined interventions can
increase Al adoption rates by 20-40%, fostering a culture of organizational learning conducive
to sustainable digital transformation (Modgil et al., 2022; Cadden et al., 2022).

4.3. Contextual Barriers

Contextual barriers encompass exogenous factors such as regulatory frameworks, ethical
concerns, and inter-organizational dynamics that shape Al adoption at the macro level. Ethical
issues - including algorithmic biases that may perpetuate discrimination in supplier selection or
resource allocation - constitute a major deterrent, particularly within cross-border supply chains
where heightened transparency is required (Dubey et al., 2019). El Imrani (2016) illustrates
these constraints through the case of Tangier Med Port, where regulatory barriers complicate
the integration of predictive Al systems. Recent systematic reviews underscore how Al biases
exacerbate inequalities in healthcare and humanitarian supply chains, leading to adoption delays
of 2-3 years in vulnerable contexts (Mir et al., 2020).

Moreover, multi-actor collaboration poses substantial challenges. In SCM, Al deployment
relies on multi-party data sharing, yet reluctance persists due to competitive concerns, disparate
standards, and cybersecurity issues. This is particularly evident in humanitarian supply chains,
where divergences between local and international actors hinder coordination (Khan et al.,
2021). Data privacy regulations (e.g., GDPR, CCPA) impose additional compliance constraints,
increasing costs by 10-25% (Ozdemir et al., 2021). Meta-analyses indicate that contextual
barriers can delay Al adoption by 2-5 years in emerging economies, emphasizing the urgency
of regulatory harmonization (Mir et al., 2020).

To address these contextual barriers, multi-level governance strategies are required. At the
international level, harmonization of regulatory frameworks particularly regarding data privacy
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and Al transparency is essential to reduce compliance fragmentation across supply chain actors.
At the sectoral level, the development of industry-specific ethical Al charters and systematic
algorithmic bias audits can restore stakeholder trust. At the inter-organizational level, the
establishment of trusted data-sharing consortia, supported by blockchain-based governance
models, offers a viable pathway to collaborative Al deployment. In emerging markets
particularly in North Africa and Sub-Saharan Africa targeted capacity-building programs are
critical to bridging the digital divide (Cannas et al., 2024; Mir et al., 2020).

It is important to underscore that the barriers identified in this section directly condition the
realizability of the economic and environmental optimizations analyzed in Section 3. Data
quality deficits and interoperability gaps compromise the accuracy of demand forecasting
models and predictive maintenance systems, thereby eroding the efficiency gains documented
earlier including the 15-30% cost reductions and 10-20% CO- emission savings attributed to
Al-driven logistics. Organizational resistance and competency gaps further limit firms' ability
to deploy route optimization or carbon footprint monitoring tools at scale. Regulatory and
ethical barriers, particularly in cross-border contexts, constrain the traceability applications that
form a central pillar of Al's contribution to sustainable logistics. Consequently, the full
economic and environmental potential of Al in SCM remains conditional on a holistic
resolution of these interconnected obstacles, reinforcing the case for integrated, multi-
dimensional adoption frameworks (Bag et al., 2021; Hangl et al., 2022).

5. Conclusion

This article set out to analyze the functional applications of artificial intelligence across the
main activities of supply chain management procurement, production, transportation, inventory
management, and traceability and to assess Al's dual contribution to economic and
environmental optimization. Drawing on a narrative literature review of 62 peer-reviewed
articles published between 2020 and 2025 and sourced from Scopus, Web of Science, and
Science Direct, this study provides a critical synthesis of existing knowledge while specifically
addressing a dimension that remains underexplored: the impact of Al on the environmental
performance of supply chains. This integrative perspective, combining functional cartography
with a systematic articulation of economic and environmental outcomes, constitutes the article's
primary contribution relative to prior reviews.

Three major findings emerge from this review. First, Al generates significant economic
optimizations across all supply chain functions: demand forecasting models reduce inventory
costs by 20-30%, predictive maintenance systems cut unplanned downtime by up to 40%, and
route optimization algorithms lower transportation expenditures by 15-25%. Second, and more
distinctively, this study demonstrates that Al contributes substantively to environmental
performance: optimized routing reduces CO: emissions by 10-20%, Al-driven energy
management systems lower industrial energy consumption by 15-30%, and machine learning
applications in circular economy logistics support waste reduction and material recovery at
scale. Third, the analysis reveals that these benefits remain conditional on overcoming a
structured set of technological, organizational, and contextual barriers and that these barriers
directly condition the realization of the optimizations documented in this review. From a
theoretical standpoint, this article distinguishes itself from prior work by offering an integrated,
function-by-function cartography that systematically articulates economic and environmental
dimensions within a unified analytical framework.

From a managerial perspective, this study provides practitioners with an actionable roadmap:
organizations are encouraged to prioritize phased integration strategies, invest in Al literacy
and change management programs, and develop robust ROI frameworks before committing to
large-scale deployments. Supply chain managers in emerging markets particularly in North
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Africa should additionally engage with policymakers to advocate for harmonized regulatory
frameworks that reduce compliance costs and foster cross-border data sharing. From a research
perspective, several avenues remain open: future empirical studies should quantify economic—
environmental trade-offs of Al adoption across specific industry sectors; longitudinal analyses
are needed to assess the durability of Al-generated optimizations under volatile geopolitical
conditions; and multi-country comparative studies could illuminate how institutional and
cultural factors moderate Al adoption dynamics. The investigation of Al integration in under-
researched logistics ecosystems such as those in North Africa represents a particularly
promising and policy-relevant frontier for future research.
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