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This article discusses the transformational role of AI and cloud computing 

technologies in retail supply chain management. Retailers are now achieving 

unmatched degrees of operational efficiency, inventory optimization, and accuracy in 

demand forecasting by integrating real-time analytics, machine learning algorithms, 

and multi-source data aggregation into their supply chains. The successful 

implementation of these technologies results in turning a reactive approach into a 

proactive one towards challenges faced in supply chains. Such responsive networks 

will be able to foresee disruptions to operations even before they occur. In modern-day 

AI-powered systems, diverse data streams emanating from point-of-sale systems, 

warehouse management platforms, transportation networks, customer relationship 

management systems, and IoT sensors are harnessed together to facilitate 

comprehensive optimization. The broad range of architectural technical elements 

includes integration into cloud-based platforms, containerized microservices, and 

advanced machine learning frameworks deployed across hybrid infrastructure 

settings. However, despite huge potential benefits, such organizations face a number 

of significant challenges relating to data quality governance, scalability requirements 

of computations, and algorithmic explainability. Future developments in quantum 

computing and autonomous systems will further revolutionize supply chain operations 

via enhanced optimization capability and pervasive automation. This article analyzes 

the architectural components, implementation methodologies, technical challenges, 

and emerging capabilities that collectively define next-generation retail supply chain 

systems. 
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1. Introduction 

The ecosystem of the retail supply chain has fundamentally changed from a reactive management 

paradigm to proactive optimization, enabled by the forces of artificial intelligence and cloud 

computing. Conventional supply chain management approaches have long struggled against 

fragmented data landscapes and decision-making processes in silos that impede visibility across 

complex distribution networks, with significant operational inefficiencies in both inventory 

positioning and customer fulfillment capabilities [1]. Such constraints have become formidable while 

omnichannel retail models evolve, requiring seamless integration between physical and digital supply 

nodes to maintain competitive market positioning. 

Integration of the AI-powered analytics platform with cloud-based data management systems created 

an interconnected digital ecosystem, able to orchestrate multidimensional data streams from 

disparate operational sources. The modern retail enterprise has moved to more sophisticated machine 

learning algorithms that combine structured transactional data with unstructured external signals to 

create dynamic demand sensing capabilities substantially outperforming traditional time-series 

forecasting methodologies [2]. It enables continuous recalibration of inventory positioning strategies 

through automated scenario modeling, evaluating various potential configurations of the network 

against established key performance indicators. 
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Cloud computing infrastructure provides the essential computational elasticity required to process 

these massive data volumes without degrading system responsiveness during peak operational 

periods. Retailers implementing these technologies have documented improvements in forecast 

accuracy through advanced pattern recognition capabilities that identify subtle correlational 

relationships between seemingly unrelated variables. The resulting optimization frameworks enable 

dynamic inventory allocation that responds to emerging demand signals across distribution networks, 

reducing capital commitments while simultaneously improving product availability metrics [1]. 

Moreover, these systems create marked operational adaptability through constant assessment of 

transportation routing scenarios against real-time constraints, allowing cost-effective fulfillment 

strategies in balance with service level commitments and expenditure optimization objectives [2]. 

Such a technological convergence has transformed supply chain activities into strategic competitive 

advantages, fulfilling the tactical requirements, and shaping the retail environment with the help of 

data-driven optimization strategies. 

 

2. Technical Architecture 

2.1 Data Integration Layer 

Central to AI-driven supply chain optimization is the complete integration of data from disparate 

sources. At the core of every modern retail environment, volumes of structured and unstructured data 

are being amassed at multiple operational touchpoints. The different data streams include transaction 

records from point-of-sale systems, warehouse management platforms tracking inventory positions, 

logistics information from transportation systems, and customer behavior recorded through CRM 

platforms. In addition, these are complemented by exogenous factors, such as weather patterns, 

economic indicators, and social media trends that serve as contextual signals to demand patterns. 

Internet of Things sensor networks lined up in the supply chain continuously monitor environmental 

conditions, utilize assets, and move products across distribution networks through continuous data 

streams [3]. 

Cloud-based data integration platforms execute ETL operations in real time by streaming technologies 

such as Apache Kafka, AWS Kinesis, or Google Cloud Dataflow. These systems offer data lakes that are 

unified and on which analytical processing is then done, based on schema-on-read methodologies and 

methods of data normalization, along with the lineage traceability of such data, which is needed to 

govern such data. 

2.2 Analytic Processing Framework 

The unified data allows for multi-layered analytical processing, first through descriptive analytics, 

which quantifies current performance metrics; second, diagnostic analytics identifies patterns and 

relationships between variables. Predictive analytics will then forecast future demand patterns and 

possible disruptions, while prescriptive analytics generates actionable recommendations for 

operational optimization across the supply chain network [4]. 

These workflows of analysis use the benefits of a containerized microservices architecture running on 

Kubernetes clusters, which enable scaling horizontally to adjust to the needs of computational 

resources. The development of complex models with the capability to take in high-dimensional data 

with time dependencies is carried out using machine learning frameworks like TensorFlow, PyTorch, 

and Apache Spark ML. 

2.3 Decision Support Systems 

Analytical information drives automated decision support systems to maximize inventory levels 

depending on the variability of demand trends, routes that include historical traffic patterns, supplier 

reviews, and warehouse operations such as picking routes and labor allocations. These systems apply 

the reinforcement learning algorithms that keep evolving through feedback loops to compare the 

results with the projections and with the key performance indicators defined. The results minimize the 
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gap between the results and the projections, yet the competing priorities in the supply chain 

ecosystem are traded. 

 

Architectur

e 

Component 

Implementation 

Technology 

Processing 

Capability 

Integration 

Complexity 

Relative 

Cost 

Data 

Integration 

Layer 

Apache Kafka 
High throughput 

messaging 
Medium Medium 

AWS Kinesis Real-time data capture Medium High 

Google Cloud 

Dataflow 
Unified batch/stream High High 

Analytical 

Processing 

TensorFlow Deep neural networks High Medium 

PyTorch Research-oriented ML Medium Medium 

Apache Spark ML Distributed processing High High 

Decision 

Support 

Reinforcement 

Learning 

Continuous 

optimization 
Very High High 

Table 1: Technical Architecture Components for AI-Driven Supply Chain Systems [3, 4] 

 

3. Implementation Methodologies 

3.1 Cloud Deployment Models 

Most AI-powered supply chain systems adopt a multilevel hybrid cloud architecture to achieve an 

optimal balance of performance, security, and cost efficiency. It provides elastic computational 

capacity for computationally intensive machine learning workloads and large storage of data, enabling 

organizations to scale up processing capabilities dynamically without major capital investments. 

Sensitive operational data and mission-critical applications with high demands on data sovereignty 

and regulatory compliance reside on private cloud infrastructure components. Edge computing nodes 

deployed at retail locations and distribution centers enable low-latency decision making for time-

sensitive operations, reducing bandwidth requirements while improving the responsiveness of 

customer-facing applications [5]. 

This distributed architectural approach implements comprehensive security frameworks, including 

secure API gateways, identity and access management protocols enforcing least-privilege principles, 

and encrypted data transmission channels protecting information during transit between system 

components. These security measures create a defense-in-depth strategy addressing the complex 

threat landscape while maintaining compliance with industry-specific regulatory frameworks, 

including payment card industry standards and personal information protection requirements. 

3.2 Integration with Existing Systems 

Successful implementation requires seamless integration with established enterprise systems 

representing significant organizational investments. The integration strategy will need to account for 

legacy enterprise resource planning systems, which house core financial data, established warehouse 

management platforms that control physical product movements, and vendor management interfaces 

that coordinate supplier relationships. 

The integration architecture is usually based on RESTful API interfaces and standardized formats of 

data exchange, where information flows both ways between cloud systems and existing applications. 

Enterprise service bus architectures offer message-oriented middleware services that decouple system 

elements and ensure communication reliability across heterogeneous platforms. Containerized 

microservices implement targeted business features inside modular units that can be created, put into 
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service, and expanded independently, and therefore, enable incremental modernization without 

disruption of business-critical processes. 

These integration layers encompass robust error management processes, a transaction management 

process that ensures data consistency across system boundaries, as well as automated reconciliation 

mechanisms used to detect possible synchronization problems. Together, these features ensure a 

reliable system in peak operation periods where transaction volumes significantly exceed normal 

operating conditions. 

 

Implementatio

n Component 

Technology/Approa

ch 
Primary Function 

Security 

Level 
Scalability 

Public Cloud 
ML Workloads & 

Storage 
Elastic Computing Medium High 

Private Cloud 
Sensitive Data & 

Mission-Critical Apps 
Data Sovereignty High Medium 

Edge Computing 
Retail & Distribution 

Centers 
Low-Latency Decisions Medium Low 

API Gateways Security Framework Access Control Very High Medium 

RESTful APIs 
Integration 

Architecture 
Bidirectional Data Flow Medium High 

Enterprise 

Service Bus 
Middleware Services System Decoupling High Medium 

Containerized 

Microservices 
Business Functionality Modular Components Medium Very High 

Transaction 

Management 
Integration Layer Data Consistency High Medium 

Table 2: Implementation Methodologies for AI-Powered Supply Chain Systems [5, 6] 

 

4. Technical Challenges and Limitations 

Despite the transformative potential of AI-powered supply chains, a number of significant technical 

challenges must be addressed by organizations if the maximum level of implementation success and 

operational value is to be achieved. These challenges span data management practices, computational 

architecture considerations, and algorithm transparency requirements that collectively influence 

system effectiveness in real-world operational environments. 

4.1 Data Quality and Governance 

Predictive model performance directly depends on data quality across the supply chain ecosystem. 

Companies that use AI to implement optimization systems need to establish and sustain strong data 

governance frameworks that describe in an ordered manner the quality dimensions of all integrated 

sources of data. These governance designs usually encompass automatic data quality verification 

programs that can be used to check an incoming stream of data in real time to detect any anomalies, 

inconsistencies, and incomplete information that could severely impact the accuracy of the analysis. 

Extensive master data management systems create official entries of significant business objects like 

goods, location, suppliers, and customers, which form standardized referential data that is uniformly 

understood across business sectors. Data lineage tracking applications capture the history of the 

creation, transformation, and flow of information across the analytical process, thus helping not only 

to troubleshoot or computer-aided compliance needs [7]. 

These governance structures, taken together, ensure that machine learning algorithms receive 

consistent, high-quality data inputs throughout their operational life cycle and minimize the risk of 

the production of erroneous predictions that would have negative impacts on business outcomes. 

Organizations that underinvest in these core data management capabilities often struggle to deploy 
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models through implementation difficulties, manifesting in inconsistent model performance, reduced 

prediction accuracy, and lower confidence among system stakeholders. 

4.2 Computational Scalability 

The real-time data of thousands of sensors and transactions, from external sources, needs a great level 

of computational power, which dynamically increases as the demand changes. Similarly, cloud-based 

implementations introduce complex challenges in resource management to achieve a good balance 

between responsiveness and operational cost. These dynamic allocations of resources automatically 

adjust computational capacity to ensure sufficient performance during peak periods while avoiding 

unnecessary spending in lower-activity intervals. An optimization of computational resources in peak 

business periods requires sophisticated workload management systems that prioritize time-sensitive 

processing while deferring less critical operations with low overhead [8]. 

4.3 Algorithm Transparency and Explainability 

With supply chain decisions becoming more automated, the stakeholders require an understanding of 

the processes of decision-making that are influencing the operational results. They must be 

implemented with explainable AI practices that generate human explanations of the 

recommendations emerging from the system. 

This facilitates business users' comprehension of the thinking behind automated decisions. 

Confidence metrics linked with predictions provide significant context on the reliability of system 

outputs and help inform the level of human judgment that's appropriate for different operational 

scenarios. Complete audit trails of algorithmic decisions and outcomes support a wide range of 

performance analytics while addressing compliance requirements. This builds accountability for 

automated processes. The tools of visualization document the complex relationships in practical 

formats and fill the gap between technical algorithms and business stakeholders, which will allow 

greater integration of visualization into the organization and trust in AI-based systems. 

 

Challenge 

Category 

Specific 

Challenge 

Impact 

Severity 

Implementa

tion 

Difficulty 

Mitigation Approach 

Data Quality 

Inconsistent Data High Medium Automated Validation Protocols 

Data 

Incompleteness 
High High 

Master Data Management 

Systems 

Data Lineage 

Issues 
Medium Medium Tracking Applications 

Computation

al 

Peak Demand 

Scaling 
High High Dynamic Resource Allocation 

Cost Optimization Medium Medium Workload Prioritization 

Processing Latency High Medium Time-Sensitive Processing 

Transparency 

Decision 

Justification 
Medium Very High Explainable AI Methodologies 

Result Reliability High High Confidence Metrics 

Audit Compliance High Medium Decision Tracking 

Stakeholder Trust Medium High Visualization Tools 

Table 3: Technical Challenges in AI-Powered Supply Chain Systems [7, 8] 

 



 

Journal of Information Systems Engineering and Management 
2025, 10(62s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  

 

 
 858 

 
Copyright © 2025 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 

Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is 

properly cited. 

 

5. Future Directions 

Evolution in the capabilities of AI-powered supply chain systems continues down several 

technological trajectories that promise to further transform retail operations in the coming years. 

These new capabilities are the future of supply chain optimization, pushing the existing 

implementation paradigms to levels of efficiency, responsiveness, and independent operation never 

witnessed before. 

5.1 Quantum Computing Applications 

Quantum computing technologies hold the promise to solve complex optimization problems that 

remain computationally prohibitive for classical systems, even with substantial high-performance 

computing resources. Supply chain optimization poses numerous NP-hard combinatorial challenges 

that align with computational advantages of quantum algorithms, in particular in areas needing 

optimization of multiple competing variables simultaneously. Research in quantum approximation 

algorithms has already given promising results for multi-echelon inventory optimization problems 

comprising thousands of stock-keeping units distributed over complex fulfillment networks. These are 

inventory positioning challenges that are currently only computationally feasible with extreme 

simplification or heuristic approaches, whereas quantum algorithms may enable holistic 

optimizations with no such compromises in the future [9]. Other areas where quantum computing 

shows high promise are vehicle routing problems with dynamic constraints, especially for hundreds of 

delivery points with time-window restrictions and variable traffic conditions. Supply network design 

includes multiple competing objectives, which balance operating costs, service level requirements, risk 

diversification, and sustainability metrics. These combinatorial challenges are best targeted by 

quantum approaches. Current quantum hardware is severely limited due to qubit counts and error 

rates, which restrict practical applications to simplified problems. When quantum hardware matures 

and error correction techniques improve, these technologies may enable capabilities in supply chain 

optimization that will finally redefine the computational frontier.  

5.2 Autonomous Supply Chain Systems  

This integration opens up possibilities for a fully automated supply chain operation that minimizes 

human intervention with maximum operational efficiency and resilience. Self-organizing warehouses 

are becoming an emerging paradigm where autonomous mobile robots dynamically change storage 

arrangements according to predicted demand patterns and order profiles. Such systems employ 

computer vision and reinforcement learning algorithms; these continuously optimize picking paths 

and inventory positioning across millions of operation cycles, progressively reducing the fulfillment 

times and labor requirements [10]. Rules-based systems that operate through automated 

replenishment systems and automatically generate orders are evolving to highly advanced machine 

learning models that consider demand indicators, promotion effects, supplier trustworthiness 

indicators, and inventory holding costs. Predictive maintenance systems are used to identify the 

possible failure of equipment before it occurs through the use of IoT sensor networks and anomaly 

detection algorithms to plan the proactive maintenance at the appropriate time when there is low 

operational demand and minimize disruption. Inventory management systems include autonomous 

last-mile delivery solutions (drones or ground-based robots) to help integrate the two to form flexible 

delivery networks in response to customer needs, which minimizes the costs of transportation and 

environmental effects. These independent systems are a combination of the decision support and the 

entire decision automation, which is the key alteration in the operational paradigms of the whole retail 

supply chain. Emerging advanced AI algorithms in conjunction with improved sensing functionality 

and continually growing and ever more sophisticated robotic systems are propelling closed-loop 

optimization, which is progressively improving the metrics of performance. This initiative of 

independent functioning must be accompanied by parallel developments of explainability frameworks 

and governance systems to provide adequate human control and alignment with company objectives.  

 



 

Journal of Information Systems Engineering and Management 
2025, 10(62s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  

 

 
 859 

 
Copyright © 2025 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 

Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is 

properly cited. 

 

Technology 

Category 
Specific Application 

Current 

Maturity 

Implementatio

n Timeline 

Potential 

Impact 

Quantum 

Computing 

Multi-echelon 

Inventory Optimization 
Low Long-term Very High 

Vehicle Routing 

Problems 
Very Low Long-term High 

Supply Network Design Low Long-term High 

Autonomous 

Systems 

Self-organizing 

Warehouses 
Medium Near-term High 

Automated 

Replenishment 
Medium Near-term Medium 

Predictive Maintenance High Immediate Medium 

Last-mile Delivery 

Solutions 
Medium Near-term High 

Enablers 

Computer Vision High Immediate Medium 

Reinforcement 

Learning 
Medium Near-term High 

IoT Sensor Networks High Immediate Medium 

Table 4:  Future Directions in AI-Powered Supply Chain Systems [9, 10] 

 

Conclusion  

AI-based, cloud-powered real-time supply chain optimization is a paradigm shift in retail operations 

management as it will alter the way companies structure inventory positioning, demand forecasting, 

and logistics coordination. All these systems enable the combination of different data streams 

occurring inside the supply chain ecosystem and the formation of a complex of interconnected 

networked digital environments that are, to a significant extent, optimized holistically across 

conventional functional borders. The technical architecture, which should be able to integrate cloud-

based integration systems, advanced analytics platforms, and automated decision support systems, in 

fact enables retailers to shift their management modes to proactive optimization strategies that in 

advance anticipate challenges before they can affect operational performance or customer experience. 

Though the implementation does demand detailed architectural designs, strong integration strategies, 

and extensive data governance frameworks, the organizations that are able to handle such a level of 

technical complexities are able to achieve huge competitive advantages through the amplification of 

their operational efficiency, resilient supply chains, and better customer satisfaction metrics. With the 

further development of quantum computing and autonomous systems, among other new 

technologies, supply chain functionalities will gain new opportunities, which will enable an 

increasingly sophisticated approach to optimization and reduce the number of needs that have to be 

addressed by humans. 

 

References 

[1] Giovanna Culot et al., "Artificial intelligence in supply chain management: A systematic literature 

review of empirical studies and research directions," Computers in Industry, Volume 162, 2024. 

[Online]. Available: https://www.sciencedirect.com/science/article/pii/S0166361524000605 

https://www.sciencedirect.com/science/article/pii/S0166361524000605


 

Journal of Information Systems Engineering and Management 
2025, 10(62s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  

 

 
 860 

 
Copyright © 2025 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 

Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is 

properly cited. 

 

[2] Enoch O Alonge et al., "Real-Time Data Analytics for Enhancing Supply Chain Efficiency," 

ResearchGate, 2025. [Online]. Available: 

https://www.researchgate.net/publication/390165834_Real-

Time_Data_Analytics_for_Enhancing_Supply_Chain_Efficiency 

[3] Karam M Sallam et al., "Internet of Things (IoT) in Supply Chain Management: Challenges, 

Opportunities, and Best Practices," ResearchGate, 2023. [Online]. Available: 

https://www.researchgate.net/publication/374560424_Internet_of_Things_IoT_in_Supply_Chain_

Management_Challenges_Opportunities_and_Best_Practices 

[4] Pratik Jain and Sivakumar Ponnusamy, "A Comparative Analysis of Cloud-Native, Cloud-Enabled, 

and Cloud-Agnostic Digital Transformation," ResearchGate, 2024. [Online]. Available: 

https://www.researchgate.net/publication/381301192_A_Comparative_Analysis_of_Cloud-

Native_Cloud-Enabled_and_Cloud-Agnostic_Digital_Transformation 

[5] Arjun Shivarudraiah, "Hybrid Cloud For Retail Operations: Balancing Cost, Security, And 

Performance," International Journal of Core Engineering & Management, Volume-3, Issue-12, 2017. 

[Online]. Available: https://ijcem.in/wp-content/uploads/HYBRID-CLOUD-FOR-RETAIL-

OPERATIONS-BALANCING-COST-SECURITY-AND-PERFORMANCE.pdf 

[6] Samrat Das, "Enterprise Application Integration (EAI): The Key To Navigating Complete IT 

Landscapes," Apps Connect, 2025. [Online]. Available: https://www.appseconnect.com/enterprise-

application-integration-its-benefits-components-and-best-practices/ 

[7] Coherent Solutions, "AI-Powered Data Governance: Implementing Best Practices and 

Frameworks," 2025. [Online]. Available: https://www.coherentsolutions.com/insights/ai-powered-

data-governance-implementing-best-practices-and-frameworks 

[8] Ali Nauman et al., "Communication and computational resource optimization for Industry 5.0 

smart devices empowered by MEC," Journal of King Saud University - Computer and Information 

Sciences, Volume 36, Issue 1, 2024. [Online]. Available: 

https://www.sciencedirect.com/science/article/pii/S131915782300424X 

[9] Mohammad Shamsuddoha et al., "Quantum Computing Applications in Supply Chain Information 

and Optimization: Future Scenarios and Opportunities," Information, 2025. [Online]. Available: 

https://www.mdpi.com/2078-2489/16/8/693 

[10] Liming Xu et al., "Towards autonomous supply chains: Definition, characteristics, conceptual 

framework, and autonomy levels," Journal of Industrial Information Integration, Volume 42, 2024. 

[Online]. Available: https://www.sciencedirect.com/science/article/pii/S2452414X24001419 

 

https://www.researchgate.net/publication/390165834_Real-Time_Data_Analytics_for_Enhancing_Supply_Chain_Efficiency
https://www.researchgate.net/publication/390165834_Real-Time_Data_Analytics_for_Enhancing_Supply_Chain_Efficiency
https://doi.org/10.1109/JIOT.2023.3289174
https://doi.org/10.1109/JIOT.2023.3289174
https://www.researchgate.net/publication/374560424_Internet_of_Things_IoT_in_Supply_Chain_Management_Challenges_Opportunities_and_Best_Practices
https://www.researchgate.net/publication/374560424_Internet_of_Things_IoT_in_Supply_Chain_Management_Challenges_Opportunities_and_Best_Practices
https://doi.org/10.1016/j.jbdasc.2023.06.015
https://doi.org/10.1016/j.jbdasc.2023.06.015
https://www.researchgate.net/publication/381301192_A_Comparative_Analysis_of_Cloud-Native_Cloud-Enabled_and_Cloud-Agnostic_Digital_Transformation
https://www.researchgate.net/publication/381301192_A_Comparative_Analysis_of_Cloud-Native_Cloud-Enabled_and_Cloud-Agnostic_Digital_Transformation
https://doi.org/10.1186/s13677-023-00387-x
https://ijcem.in/wp-content/uploads/HYBRID-CLOUD-FOR-RETAIL-OPERATIONS-BALANCING-COST-SECURITY-AND-PERFORMANCE.pdf
https://ijcem.in/wp-content/uploads/HYBRID-CLOUD-FOR-RETAIL-OPERATIONS-BALANCING-COST-SECURITY-AND-PERFORMANCE.pdf
https://doi.org/10.1108/JEIM-09-2023-0312
https://www.appseconnect.com/enterprise-application-integration-its-benefits-components-and-best-practices/
https://www.appseconnect.com/enterprise-application-integration-its-benefits-components-and-best-practices/
https://www.coherentsolutions.com/insights/ai-powered-data-governance-implementing-best-practices-and-frameworks
https://www.coherentsolutions.com/insights/ai-powered-data-governance-implementing-best-practices-and-frameworks
https://www.coherentsolutions.com/insights/ai-powered-data-governance-implementing-best-practices-and-frameworks
https://www.sciencedirect.com/science/article/pii/S131915782300424X
https://www.sciencedirect.com/science/article/pii/S131915782300424X
https://www.sciencedirect.com/science/article/pii/S131915782300424X
https://www.mdpi.com/2078-2489/16/8/693
https://www.mdpi.com/2078-2489/16/8/693
https://www.mdpi.com/2078-2489/16/8/693
https://www.sciencedirect.com/science/article/pii/S2452414X24001419
https://www.sciencedirect.com/science/article/pii/S2452414X24001419

