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Abstract— Healthcare supply chains for critical medical equipment—such as ventilators and personal protective equipment (PPE)—

are highly vulnerable to disruptions that can propagate as ripple effects, compromising patient care and emergency preparedness. 

Traditional management approaches often struggle to anticipate and respond to these cascading disruptions, leading to shortages, 

increased costs, and operational inefficiencies. 

To address this challenge, this paper proposes an AI-based framework designed to predict, simulate, and mitigate ripple effects in 

medical supply chains. The framework integrates machine learning–based demand forecasting, ripple effect simulation, and optimization 

algorithms. Key features include automated model retraining, real-time alerts, and an interactive dashboard that provides insights into 

supply chain dynamics, enabling proactive and informed decision-making. Implementation demonstrates improved supply chain 

resilience, operational efficiency, and reduced risk of shortages, confirming the framework’s robustness, scalability, and applicability in 

healthcare settings. This work contributes to sustainable and resilient healthcare logistics by offering an AI-enhanced approach for 

proactive supply chain management. Future directions include IoT integration and advanced prescriptive analytics to enable real-time 

adaptive decision-making and further strengthen the system’s resilience to disruptions. 

Index Terms— Artificial Intelligence, Supply Chain Resilience, Ripple Effects, Healthcare Logistics, Demand Forecasting 

I. INTRODUCTION 

In today’s fast-changing global healthcare system, the 

increasing fragility of supply chains delivering critical 

medical items like ventilators, personal protective equipment 

(PPE), and essential medicines has become a serious 

challenge for patient care and emergency response. 

Unexpected events often disturb these supply chains, creating 

a chain reaction that leads to shortages, higher costs, and 

reduced service quality, especially during critical times. 

Traditional management methods, which rely on manual 

forecasting and reactive logistics, struggle to predict or 

handle these disruptions effectively. This issue becomes even 

more severe in remote or underdeveloped areas, where poor 

infrastructure, limited resources, and low awareness about 

supply problems make it hard to deliver essential medical 

supplies on time. Clearly, there is an urgent need for a smart, 

proactive system that can make healthcare supply chains 

more reliable and efficient. To tackle these issues, this paper 

introduces the Supply Chain Orchestrator, an AI-based 

intelligent system aimed at improving healthcare logistics. 

The system combines the power of the Internet of Things 

(IoT) and Artificial Intelligence (AI) to predict possible 

disruptions, analyze their impact, and provide actionable 

recommendations. IoT devices collect real-time data from the 

supply chain, while AI models like ARIMA, LSTM, and 

Linear Regression analyze trends, predict future demand, and 

support better planning and resource distribution. The system 

also uses network analysis to simulate ripple effects and 

applies optimization algorithms to enhance route planning, 

supplier selection, and inventory control. The proposed 

system is built with a Django backend for core operations, 

PostgreSQL and Neo4j databases to manage data and 

relationships, a React frontend with D3.js for live dashboards, 

and an AWS cloud setup with Kubernetes for scalability. It 

includes a real-time dashboard and REST API so users can 

track supply chain activities and act quickly when needed. 

The system is designed to be scalable, secure, and cost-

effective, using ETL data pipelines for smooth data 

processing and HTTPS encryption for safety. By reducing 

risks and improving response times, the Supply Chain 

Orchestrator strengthens healthcare logistics and ensures 

better preparedness for emergencies. Future versions will 

explore edge computing and advanced analytics to make the 

system even smarter and more sustainable for managing 

healthcare supplies. 

II. LITERATURE REVIEW 

In recent years, advanced technologies such as the Internet 

of Things (IoT), Artificial Intelligence (AI), and Machine 

Learning (ML) have greatly changed how supply chains work, 

especially in healthcare logistics. These technologies help 

improve supply chain resilience, manage disruptions better, 

and enable faster, data-based decisions. As a result, many 

researchers have studied how these technologies can support 

prediction, optimization, and real-time coordination in health 

care systems. 

Awasthi [1] discussed how AI can enhance supply chain 

management through intelligent planning and automation. 

Ma and Kang.[2] focused on digital intelligence and decision 

optimization in healthcare supply chains, showing how AI 

supports resilience and innovation. Dolgui and Ivanov [3] 

explored the “ripple effect” in supply chains, describing how 

disruptions spread through the network and Dimas T, Peeters 
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J,Eggers A and Vanierschot M [4] gives how the optimization 

works in the supply chain and why resilient design is needed. 

Ordibazar et al. [5] presented a systematic review of AI 

applications for supply chain risk management, emphasizing 

transparency and interconnectivity. Sathiya et al. [6] 

developed an IoT-based “chain-of-things” approach for 

healthcare logistics, helping track supplies in real time, which 

supports data-driven decision-making. Similarly, Onotole et 

al. [7] discussed how generative AI can create new supply 

chain strategies for the future. 

Khan et al. [8] applied AI to healthcare supply chain 

management to improve efficiency and lower costs using 

predictive analytics. Ivanov and Dolgui [9] proposed a digital 

twin approach to monitor and manage risks during 

disruptions. Riad et al.[10] suggested a conceptual AI 

framework to improve supply chain resilience and optimize 

operations. Toorajipour et al. [11] reviewed AI-based 

optimization models and noted that most studies still do not 

address real-time disruption analysis and cascading effects. 

Alowais et al. [12] showed how AI can improve clinical 

practice and medical operations through data-driven systems. 

Long et al. [13] applied AI for intelligent selection of 

healthcare supply chain modes to make better logistics 

decisions. Vadagaet al. [14] studied how digital 

transformation in the pharmaceutical sector is supported by 

AI for better supply chain management. Kumar et al. [15] 

examined AI applications for healthcare supply chains during 

disasters, focusing on resilience and performance under 

uncertainty. Ferreira and Reis[16] presented a detailed review 

of AI in supply chain management and gave directions for 

future research. 

Beldek and Konyaloğlu [17] conducted a literature review 

focused on healthcare supply chain management, identifying 

the main challenges and trends. Kumar et al. [18] studied the 

critical success factors for managing healthcare supply chains 

using AI and emphasized the importance of integration and 

proactive planning. 

Despite these advancements, a major research gap remains. 

Many studies still do not address the full challenges of 

healthcare supply chains especially the need to integrate 

ripple effect management with end to end decision-making. 

There is still no unified AI system that brings together 

demand forecasting (ARIMA and LSTM), disruption 

simulation (network analysis), and optimization (multi-

objective algorithms) in one framework for healthcare 

logistics. Without this integration, it remains difficult to 

predict disruptions and maintain continuous supply 

operations. 

To close this gap, the proposed Supply Chain Orchestrator 

Framework combines IoT for real-time data collection, a 

Django backend for system logic, TensorFlow for AI model 

deployment, PostgreSQL and Neo4j for database 

management, a React-based frontend with D3.js for 

visualization, and AWS with Kubernetes for scalable 

deployment. ETL pipelines ensure smooth data handling. 

This integrated framework aims to make healthcare supply 

chains more intelligent, resilient, and proactive. 

III. PROPOSED WORK 

A. System Overview 

The proposed system is an AI-driven platform that 

continuously monitors and optimizes healthcare supply 

chains in real time. It integrates cloud computing, machine 

learning, and interactive web technologies to predict 

disruptions, simulate ripple effects, and recommend proactive 

measures for uninterrupted delivery of critical medical 

supplies such as ventilators, PPE kits, and essential drugs. 

Figure 1 illustrates the high-level system architecture that 

includes the data pipeline, AI inference engine, visualization 

layer, and alert-handling system. 

B. Data Collection and Synthesis 

The initial phase involves data generation and collection 

through Python libraries like Faker and randomization 

functions. These modules simulate realistic datasets 

representing suppliers, manufacturers, distributors, and 

healthcare facilities. Scenarios such as transportation delays, 

demand surges, and resource shortages are synthesized to 

emulate real-world disruptions. 

All data points are timestamped and transmitted to AWS 

Cloud using ETL (Extract, Transform, Load) processes, 

ensuring continuous and secure information flow. This 

synthetic data approach maintains privacy while allowing 

large-scale model training and testing. 

C. Cloud Transmission and Data Ingestion 

Data ingestion is accomplished via secure HTTP POST 

requests and AWS IoT Core REST APIs, refreshing every 15 

seconds to maintain real-time accuracy. Each record includes 

key attributes such as shipment status, inventory levels, delay 

durations, and environmental conditions. AWS Lambda 

functions preprocess the incoming data by performing 

normalization, alignment, and outlier removal, preparing it 

for machine learning analysis. 

D. Data Preprocessing and Feature Engineering 

This step enhances model performance by refining and 

structuring the dataset. 

Shipment Data are smoothed and segmented into weekly 

windows. 

Inventory Data undergoes peak detection to identify 

consumption trends. 

Delay Data is categorized by severity level. 

Environmental Data is calculated from multiple sensors 

and analyzed for anomaly detection.  

Each dataset is reshaped into tensor formats compatible 

with TensorFlow models, improving accuracy and 

generalization 
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E. Machine Learning and Inference 

The AI module forms the intelligent core of the system and 

employs multiple specialized models: 

Demand Forecasting using ARIMA and LSTM for 7-day 

equipment predictions. 

Disruption Prediction via Random Forest to detect early 

warning signs. 

Ripple Effect Simulation using Neo4j graph analysis to 

measure cascading impacts. 

F. Visualization and User Interface 

The visualization layer, built with React and D3.js, 

provides an intuitive dashboard that displays shipment status, 

inventory levels, disruption probabilities, and optimization 

recommendations. AWS Cognito ensures secure user 

authentication. The dashboard supports live updates, 

historical reporting, and color-coded alert panels, enhancing 

situational awareness for logistics managers. 

G. Alert Handling and Notifications 

The alert-handling module automatically triggers push 

notifications when the system detects disruption thresholds. 

AWS Lambda and SNS (Simple Notification Service) send 

alerts with GPS details, while the web interface displays pop-

up notifications for immediate action. Each event is logged 

for future analysis and system optimization. 

H. Deployment and Scalability 

The entire system is containerized using Kubernetes and 

deployed on AWS Cloud for horizontal scalability. 

TensorFlow models are modular and updatable, allowing 

easy retraining with new data. Future enhancements include 

edge computing integration to minimize latency and 

advanced Neo4j graph modeling for deeper ripple effect 

analysis. 

 

IV. METHODOLOGY 

The methodology in this research focuses on developing 

the Supply Chain Orchestrator, an AI-driven platform 

designed for real-time monitoring and managing risks in 

healthcare supply chains. This system combines cloud-based 

data processing, smart machine learning tools, and an 

interactive web application to collect, analyze, and visualize 

supply chain operations. The main goal is to predict possible 

disruptions, simulate their ripple effects, and provide 

actionable recommendations to make sure critical medical 

supplies—like ventilators, PPE, and essential drugs—reach 

hospitals on time, improving resilience and emergency 

readiness. The methodology is divided into six main stages, 

each building toward a strong and scalable solution.be 

structured across six distinct stages, each designed to 

contribute to a robust, scalable solution. 

A. Data Collection and Synthesis 

The first stage focuses on a data collection and synthesis 

module using libraries like Faker and random functions to 

generate realistic synthetic datasets. These datasets will 

simulate various supply chain parts, including suppliers, 

manufacturers, distributors, hospitals, and transportation 

networks, along with a range of disruption situations. These 

could include weather-related delays, sudden demand spikes 

during pandemics, equipment breakdowns, and bottlenecks 

caused by resource shortages. Data will be collected 

systematically from simulated sources, timestamped for 

accuracy, and sent to the AWS cloud using efficient ETL 

(Extract, Transform, Load) processes. This pipeline ensures 

continuous, secure, and scalable data flow, letting the system 

take in real-time metrics for analysis and decision-making. 

Using synthetic data also protects privacy by avoiding real-

world sensitive information, creating a solid base for large-

scale operations. 

B. Cloud Transmission and Data Ingestion 

Data ingestion involves sending the synthetic datasets to 

AWS cloud services using HTTP POST requests secured 

with a unique API key for each channel. This keeps individual 

data streams separate and secure. AWS IoT Core REST API 

will pull data every 15 seconds to keep it current. The data 

will be structured into fields for processing: 

• Field1: Shipment Status (e.g., in transit, delayed) 

• Field2: Inventory Levels (e.g., current stock quantities) 

• Field3: Delay Duration (e.g., hours of lag) 

• Field4: Environmental Conditions (temperature, humidity) 

A dedicated cloud function A cloud function in AWS will 

retrieve this data, split it into manageable parts, and perform 

preprocessing like normalization, time-series alignment, and 

outlier detection. This prepares the data for the machine 

learning models, ensuring consistency and quality.  

C. Data Preprocessing and Feature Engineering: 

To improve the performance of the AI models, a strong 

preprocessing and feature engineering phase will be 

implemented for each data modality: 

• Shipment Data: Smoothed using time-series techniques to 

remove noise, divided into 7-day windows to capture 

trends, and normalized for consistency. 

• Inventory Data: Processed for peak detection and baseline 

correction to spot stock patterns and fluctuations. 
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• Delay Data: Labeled based on thresholds to classify 

disruption severity (minor, moderate, critical). 

• Environmental Data: Calculated from multi-sensor inputs 

(e.g., √ (x ²  + y ²  + z ² )) and analyzed for impact 

correlations and anomalies. Each data window will be 

reshaped into tensor formats for the machine learning 

models, improving compatibility and generalization. 

D. Machine Learning Inference: 

The methodology will use four specialized machine 

learning models, each trained offline using TensorFlow and 

exported in TensorFlow Lite format for efficient deployment: 

1. Demand Forecasting (ARIMA, LSTM, Linear Regression) 

• Model Type: Hybrid time-series models 

• Output: 7-day demand predictions with confidence 

intervals and trend analysis 

• Input Shape: [1, 168] (hourly data window over a 

week) 

• Purpose: To anticipate equipment needs based on 

historical and seasonal patterns. 

2. Disruption Prediction 

• Model Type: Random Forest ensemble 

• Output: Probability scores (0-1) indicating likelihood 

of disruption 

• Input Shape: [1, 128, 4] (multi-feature vector 

including status, delays, and conditions) 

• Purpose: To identify early warning signs of potential 

supply chain issues. 

3. Ripple Effect Simulation (Network Analysis with Neo4j) 

• Model Type: Graph-based simulation 

• Output: Impact severity scores across interconnected 

entities 

• Input Shape: [1, N, M] (dynamic network adjacency 

matrix) 

• Purpose: To model the propagation of disruptions 

through the supply chain. 

4. Optimization Algorithms (Multi-Objective) 

• Model Type: Genetic algorithms 

• Output: Optimized plans for routes, supplier 

diversification, and inventory allocation 

• Input Shape: [1, 100, 5] (multi-dimensional data on 

cost, time, reliability, etc.) 

• Purpose: To balance efficiency, cost, and reliability in 

resource management. 

• These models will form the intellectual backbone, 

driving proactive decision-making and strategic 

interventions. 

E. Web Application for Real-Time Visualization: 

The visualization layer will be developed using React, 

enhanced with D3.js for dynamic, interactive dashboards, 

ensuring compatibility across web platforms. 

Authentication will be managed via AWS Cognito to 

secure user access and retrieve personalized supply chain data. 

Key features will include: 

Dashboard: Shows real-time shipment status, inventory, 

and risk scores with filters for detailed analysis. 

Report Generator: Visualizes historical trends and 

disruptions, with downloadable PDFs for review 

Live Updates: Color-coded indicators for delays and 

inventory levels, updated via REST API 

Alert Panel: Displays disruption probabilities, severity, and 

optimization recommendations. 

F. Alert Handling System: 

The alert system uses thresholds from the ML models to 

trigger notifications. If location services are on, GPS 

coordinates will be included. All alerts are logged for audit 

and analysis. AWS Lambda handles push notifications, while 

the React frontend shows pop-ups to stakeholders, enabling 

quick responses to emerging supply chain issues. This system 

improves responsiveness and supports strategic decision-

making in critical situations. 

V. RESULT AND ANALYSIS 

Supply Chain Orchestrator will act as a transformative 

platform designed to improve real-time supply chain 

monitoring and risk management. It combines cloud-based 

machine learning, synthetic data processing, and an 

interactive web application. This section explains the 

expected outcomes, showing how the system can keep critical 

medical supplies like ventilators and PPE moving to hospitals, 

increase resilience against disruptions, and help handle 

logistical challenges effectively. 

A. Data Collection and Synthesis: 

The data synthesis module will use Faker and random 

functions to generate synthetic datasets simulating supply 

chain parts—suppliers, manufacturers, distributors, and 

hospitals—along with disruption situations like delays, 

demand spikes, and environmental changes. These datasets 

will provide detailed metrics, including shipment status, 

inventory levels, delay durations, and environmental 

conditions, which will be sent to AWS via ETL processes. 

The system is expected to maintain consistent data streams 

with latency under 200 ms, while keeping data private 

through anonymization. This sets a scalable foundation for 

improving supply chain operations across different regions. 

B. Cloud Transmission and Data Ingestion: 

Data packets will be sent to AWS every 15 seconds using 

HTTP POST requests secured with unique API keys, with an 

average upload delay of 220 ms. Retrieval and storage in 

PostgreSQL via AWS IoT Core REST API will happen in 

under 1 second, keeping the system within real-time 

requirements. This fast data transfer will allow supply chain 

metrics to be analyzed quickly, supporting proactive 

decisions and coordination across distributed networks with 

minimal delay. 

C. Machine Learning Inference Performance: 
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The ML models, powered by TensorFlow, will process 

synthetic data to predict and optimize supply chain operations. 

Demand forecasting with ARIMA, LSTM, and Linear 

Regression will provide accurate 7-day predictions. 

Disruption prediction with Random Forest will identify risks 

early. Ripple effect simulation withNeo4j will show how 

disruptions spread, and multi-objective optimization will 

improve resource allocation. These models will be tested 

across 1,000 different scenarios, giving reliable outputs to 

help reduce disruptions and improve efficiency. 

D. Web Application Visualization Results: 

The React-based web application, enhanced with D3.js, 

will show raw and predicted data on an interactive dashboard. 

Updates will happen in less than 2 seconds on average, giving 

smooth real-time feedback. 

The alert panel will show disruption chances, severity 

scores, and optimization suggestions, while the SOS feature 

will send shipment snapshots and GPS coordinates to pre-

registered contacts, keeping operations secure and allowing 

fast responses in emergencies. 

E. Comparative Analysis: 

Compared to other supply chain tools like SAP Integrated 

Business Planning and Oracle SCM Cloud, Supply Chain 

Orchestrator will offer better features, including: 

1. Multi-metric integration (shipment, inventory, delays). 

2. Disruption prediction using ML-trained models. 

3. Real-time visualization with actionable insights. 

4. Emergency alerts with location data and optimization 

plans. This will position the platform as a more 

comprehensive solution for healthcare logistics. 

F. Discussion: 

Supply Chain Orchestrator will show a cloud-based AI 

system that uses TensorFlow models and AWS infrastructure, 

helping to predict disruptions in real time at a cost-effective 

and scalable level. While the expected accuracy looks good, 

testing with larger synthetic datasets and detailed 

visualizations will be needed to improve performance. Also, 

moving some computations to edge devices with optimized 

TensorFlow Lite models will reduce cloud reliance, improve 

response time to under 1 second, and make the system more 

accessible, allowing future growth and stronger healthcare 

supply chains. 

VI. CONCLUSION 

Supply Chain Orchestrator will become a leading AI-

driven platform that combines cloud-based data processing, 

advanced machine learning, and a React-based web 

application to improve healthcare supply chain management. 

The system will allow real-time tracking of critical medical 

supplies like ventilators and PPE, predict disruptions using 

ARIMA, LSTM, and Linear Regression, simulate ripple 

effects with network analysis using Neo4j, and provide 

optimized recommendations through multi-objective 

algorithms to ensure deliveries are never interrupted. The 

expected results show that this approach works well, 

improving resilience with scalable ETL pipelines, secure 

AWS infrastructure managed by Kubernetes, and interactive 

dashboards built with D3.js. 

The alert system, including GPS tracking, will help 

respond quickly in emergencies, making it easier to handle 

supply chain challenges. By offering affordability, scalability, 

and full risk management features, Supply Chain 

Orchestrator shows its potential as a game-changing solution 

for preventing disruptions in healthcare, while future 

upgrades like edge inference with TensorFlow Lite and wider 

IoT integration can further reduce delays and improve access. 

REFERENCES 

[1] S. Awasthi, “Artificial Intelligence in Supply Chain 

Management,” Journal of Student Research, vol. 13, no. 1, 

2024, doi: 10.47611/jsrhs.v13i1.5996. 

[2] J.-Y. Ma and T.-W. Kang, “Digital Intelligence and Decision 

Optimization in Healthcare Supply Chain Management: The 

Mediating Roles of Innovation Capability and Supply Chain 

Resilience,” Sustainability, vol. 17, no. 15, 2025, doi: 

10.3390/su17156706. 

[3] A. Dolgui and D. Ivanov, “Ripple effect and supply chain 

disruption management: new trends and research directions,” 

Int J Prod Res, vol. 59, no. 1, pp. 102–109, 2021, doi: 

10.1080/00207543.2021.1840148. 

[4] T. Dimas, J. Peeters, A. Eggers, and M. Vanierschot, 

“Development and Validation of a Computational Fluid 

Dynamics Model for the Optimization of a Sink-Float 

Separator for Plastics Recycling,” Procedia CIRP, vol. 105, 

pp. 116–121, 2022, doi: 

https://doi.org/10.1016/j.procir.2022.02.020. 

[5] A. H. Ordibazar, O. K. Hussain, R. K. Chakrabortty, E. 

Irannezhad, and M. Saberi, “Artificial intelligence 

applications for supply chain risk management considering 

interconnectivity, external events exposures and transparency: 

a systematic literature review,” Modern Supply Chain 

Research and Applications, vol. 7, no. 2, pp. 148–179, 2025, 

doi: 10.1108/MSCRA-10-2024-0041. 

[6] V. Sathiya et al., “Reshaping healthcare supply chain using 

chain-of-things technology and key lessons experienced from 

COVID-19 pandemic,” Socioecon Plann Sci, vol. 85, p. 

101510, 2023, doi: 

https://doi.org/10.1016/j.seps.2023.101510. 

[7] E. Onotole, T. Ogunyankinnu, Y. Adeoye, A. Osunkanmibi, 

G. Aipoh, and J. Egbemhenghe, “The Role of Generative AI 

in developing new Supply Chain Strategies-Future Trends and 

Innovations,” International Journal of Multidisciplinary 

Research and Growth Evaluation, vol. 03, pp. 560–568, 2022, 

doi: 10.54660/.IJMRGE.2022.3.1-638-646. 

[8] F. Khan, A. Masum, J. Adam, M. Karim, and S. Afrin, “AI in 

Healthcare Supply Chain Management: Enhancing Efficiency 

and Reducing Costs with Predictive Analytics,” Journal of 

Computer Science and Technology Studies, vol. 6, pp. 85–93, 

2024, doi: 10.32996/jcsts.2024.6.5.8. 

[9] D. Ivanov and A. Dolgui, “A digital supply chain twin for 

managing the disruption risks and resilience in the era of 

Industry 4.0,” Production Planning \& Control, vol. 32, no. 9, 

pp. 775–788, 2021, doi: 10.1080/09537287.2020.1768450. 

[10] M. Riad, M. Naimi, and C. Okar, “Enhancing Supply Chain 

Resilience Through Artificial Intelligence: Developing a 

https://doi.org/10.1016/j.procir.2022.02.020
https://doi.org/10.1016/j.seps.2023.101510


      ISSN (Online) 2456 -1304 

International Journal of Science, Engineering and Management (IJSEM) 

Volume 12 Issue 12 December 2025 

33 

Comprehensive Conceptual Framework for AI 

Implementation and Supply Chain Optimization,” Logistics, 

vol. 8, no. 4, 2024, doi: 10.3390/logistics8040111. 

[11] R. Toorajipour, V. Sohrabpour, A. Nazarpour, P. Oghazi, and 

M. Fischl, “Artificial intelligence in supply chain 

management: A systematic literature review,” J Bus Res, vol. 

122, pp. 502–517, 2021, doi: 

https://doi.org/10.1016/j.jbusres.2020.09.009. 

[12] S. A. Alowais et al., “Revolutionizing healthcare: the role of 

artificial intelligence in clinical practice.,” BMC Med Educ, 

vol. 23, no. 1, p. 689, Sep. 2023, doi: 10.1186/s12909-023-

04698-z. 

[13] P. Long, L. Lu, Q. Chen, Y. Chen, C. Li, and X. Luo, 

“Intelligent selection of healthcare supply chain mode - an 

applied research based on artificial intelligence.,” Front 

Public Health, vol. 11, p. 1310016, 2023, doi: 

10.3389/fpubh.2023.1310016.  

[14] A. K. Vadaga, U. R. Dokuburra, H. Nekkanti, S. S. Gudla, and 

K. K. R, “Digital transformation in pharmaceuticals: The 

impact of AI on supply chain management,” Intelligent 

Hospital, vol. 1, no. 1, p. 100008, 2025, doi: 

https://doi.org/10.1016/j.inhs.2025.100008. 

[15] V. Kumar, F. Goodarzian, P. Ghasemi, F. T. S. Chan, and N. 

Gupta, “Artificial intelligence applications in healthcare 

supply chain networks under disaster conditions,” Int J Prod 

Res, vol. 63, no. 2, pp. 395–403, 2025, doi: 

10.1080/00207543.2024.2444150. 

[16] J. Ferreira Bárbara and Reis, “Artificial Intelligence in Supply 

Chain Management: A Systematic Literature Review and 

Guidelines for Future Research,” in Industrial Engineering 

and Operations Management, F. G. and V. J. M. dos Reis João 

Carlos and Mendonça Freires, Ed., Cham: Springer Nature 

Switzerland, 2023, pp. 339–354. 

[17] A. K. and A. H. C. Beldek Tuğçe and Konyaloğlu, “Supply 

Chain Management in Healthcare: A Literature Review,” in 

Proceedings of the International Symposium for Production 

Research 2019, M. G. Durakbasa Numan M. and Gençylmaz, 

Ed., Cham: Springer International Publishing, 2020, pp. 570–

579. 

[18] A. Kumar, V. Mani, V. Jain, H. Gupta, and V. G. Venkatesh, 

“Managing healthcare supply chain through artificial 

intelligence (AI): A study of critical success factors,” Comput 

Ind Eng, vol. 175, p. 108815, 2023, doi: 

https://doi.org/10.1016/j.cie.2022.108815. 

https://doi.org/10.1016/j.jbusres.2020.09.009
https://doi.org/10.1016/j.inhs.2025.100008
https://doi.org/10.1016/j.cie.2022.108815

