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Abstract:  The COVID-19 pandemic has revealed critical vulnerabilities in global healthcare supply chains, 

highlighting the urgent need for predictive, resilient, and intelligent systems. Artificial Intelligence (AI), 

particularly in the form of predictive analytics, offers transformative potential for enhancing demand 

forecasting and risk mitigation in healthcare logistics. This review synthesizes the state-of-the-art AI 

techniques used in healthcare supply chains, emphasizing machine learning (ML), deep learning (DL), hybrid 

approaches, and federated learning. The paper critically compares experimental outcomes across models, 

discusses implementation challenges, proposes a theoretical AI-integrated supply chain model, and highlights 

real-world use cases. Findings indicate that AI-based forecasting models significantly outperform traditional 

statistical methods, particularly in volatile and high-demand scenarios. However, barriers such as data privacy, 

infrastructure gaps, and ethical concerns remain. The review concludes with a roadmap for future research 

and strategic adoption of AI in healthcare logistics, promoting more resilient, transparent, and equitable health 

systems. 

 

Index Terms - Healthcare Supply Chain; Demand Forecasting; Risk Mitigation; Federated Learning; 

LSTM; Hybrid Models 

 

1.Introduction 

In an era defined by global pandemics, rapidly evolving medical technologies, and unprecedented shifts in 

patient care models, healthcare systems face growing pressure to optimize their operational efficiency while 

maintaining resilience. Central to this optimization is the supply chain — the backbone that ensures medical 

resources, pharmaceuticals, and critical supplies are available where and when needed. Disruptions to 

healthcare supply chains, as witnessed during the COVID-19 pandemic, have highlighted significant 

vulnerabilities ranging from shortages of personal protective equipment (PPE) to delayed delivery of essential 

drugs [1]. These challenges have made it clear that traditional supply chain models — heavily reliant on 

reactive decision-making and historical data — are no longer adequate in managing the complexity and 

volatility of modern healthcare demands. 

Amid these pressing challenges, artificial intelligence (AI) has emerged as a transformative tool, offering 

capabilities that extend beyond human analytical capacities. Particularly, AI-driven predictive analytics has 

demonstrated immense potential in forecasting demand, identifying bottlenecks, and proactively mitigating 

supply chain risks through real-time data analysis and pattern recognition [2]. Predictive models powered by 

machine learning (ML), deep learning (DL), and hybrid AI approaches are increasingly being deployed to 

anticipate demand fluctuations, improve procurement decisions, and enhance logistical operations. As global 
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healthcare systems strive to become more adaptive and resilient, the integration of AI technologies into supply 

chain management is transitioning from a futuristic concept to a present-day necessity [3]. 

The importance of this topic within the broader research and industrial landscapes cannot be overstated. 

Healthcare supply chains not only impact patient outcomes and hospital efficiency but also intersect with 

global public health security, economic stability, and technological innovation. According to the World Health 

Organization, effective supply chain management is a critical enabler of universal health coverage [4]. 

Furthermore, with the healthcare industry projected to reach a global expenditure of over USD 10 trillion by 

2025 [5], the stakes for ensuring supply chain robustness and efficiency are higher than ever. Integrating AI 

into these systems represents a convergence of two cutting-edge domains — healthcare and artificial 

intelligence — and offers an unparalleled opportunity to revolutionize both. 

Despite its promise, the application of AI in healthcare supply chains is still in a relatively nascent stage, with 

fragmented implementation and uneven adoption across regions and institutions. Key challenges persist, 

including the lack of standardized data infrastructure, issues of data privacy and security, algorithmic biases, 

and the scarcity of domain-specific AI models trained on healthcare logistics data [6]. Furthermore, much of 

the current literature focuses on the conceptual benefits of AI, with limited empirical evidence evaluating real-

world implementations and outcomes. This has resulted in a gap between theoretical advancements and 

practical applications, hindering large-scale integration of AI solutions in the healthcare supply chain sector. 

This review aims to bridge that gap by synthesizing the existing body of knowledge on AI-driven predictive 

analytics applied to healthcare supply chains, with a specific focus on demand forecasting and risk mitigation. 

It will provide a comprehensive analysis of AI methodologies — including machine learning algorithms, deep 

learning frameworks, and hybrid models — that have been employed in recent years. The review will also 

critically assess the effectiveness of these methods, highlight real-world case studies, and discuss the 

technological, ethical, and organizational barriers to their adoption. 

Readers can expect the following sections to delve into: (1) the evolution and structure of healthcare supply 

chains, (2) a detailed taxonomy of AI techniques used in predictive analytics, (3) applications of these 

techniques in demand forecasting and risk assessment, (4) challenges and limitations of current AI 

implementations, and (5) future research directions and recommendations for more robust, ethical, and 

scalable AI-driven supply chain systems. 

By offering a consolidated view of recent advancements, existing gaps, and future possibilities, this review 

seeks to guide both researchers and practitioners in navigating the complex landscape of AI-enhanced 

healthcare supply chain management. 

Table 1: Summary of Key Research on AI-Driven Predictive Analytics in Healthcare Supply Chains 

 

 

Year Title Focus Findings (Key 

Results and 

Conclusions) 

2019 Artificial Intelligence 

in Healthcare Supply 

Review of AI 

applications in 

healthcare SCM, with 

AI offers efficiency in 

forecasting and 

reduces costs; ML and 

DL models improve 
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Chain Management: 

A Review 

emphasis on 

forecasting 

accuracy in supply 

chain predictions [7]. 

2020 A Predictive 

Analytics Approach 

for Demand 

Forecasting in 

Healthcare 

Application of ML 

algorithms for 

medicine demand 

forecasting 

Random Forest and 

XGBoost 

outperformed 

traditional models in 

predicting short-term 

drug demand in 

hospitals [8]. 

2021 Machine Learning in 

Predictive Supply 

Chain Risk 

Management 

Use of supervised ML 

for early risk 

identification in 

supply chains 

Identified major risk 

variables (supplier 

failure, logistics 

delays); ML achieved 

15–20% better early 

warnings than 

traditional tools [9]. 

2022 Deep Learning 

Models for 

Forecasting PPE 

Demand during 

COVID-19 

LSTM networks for 

PPE demand 

forecasting in 

hospitals during 

pandemic 

LSTM models 

delivered 25% 

improved accuracy in 

PPE stock forecasting 

compared to ARIMA 

models [10]. 

2021 Explainable AI for 

Healthcare Logistics 

Optimization 

Integration of 

explainable ML in 

hospital supply chains 

XAI approaches 

improved trust and 

interpretability in 

critical decisions; 

useful for sensitive 

logistics scenarios 

[11]. 

2020 Big Data Analytics for 

Healthcare Supply 

Chain Resilience 

Using big data and 

ML for resilient and 

agile supply chain 

strategies 

Highlighted 

importance of real-

time data from IoT 

and ML for creating 

adaptive supply 

systems [12]. 
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2022 Reinforcement 

Learning for 

Inventory Control in 

Healthcare Supply 

Chains 

RL for dynamic 

inventory decision-

making in uncertain 

environments 

Reinforcement 

learning minimized 

wastage and improved 

service levels across 

drug categories [13]. 

2021 Hybrid AI Systems 

for Cold Chain 

Optimization in 

Pharma Supply 

Chains 

AI+IoT-based 

forecasting and 

monitoring of vaccine 

cold chains 

Hybrid systems 

reduced vaccine 

spoilage by 30%; 

enabled proactive 

interventions [14]. 

2023 Federated Learning 

for Collaborative 

Demand Forecasting 

in Healthcare 

Federated learning 

among hospitals to 

predict medical 

supply needs 

Allowed secure, 

collaborative 

prediction without 

central data pooling; 

boosted demand 

accuracy by 18% [15]. 

2022 Ethical Challenges in 

AI-Driven Healthcare 

Logistics 

Ethical and 

operational risks of 

AI-based automation 

in supply chains 

Identified key 

concerns: bias, 

transparency, data 

privacy; called for 

governance 

frameworks for AI use 

[16]. 

 

 

2. Evolution and Structure of Healthcare Supply Chains 

The healthcare supply chain (HCSC) is a complex, multi-stakeholder system that ensures the flow of medical 

goods, pharmaceuticals, diagnostics, and services across health facilities and patients. Its evolution has closely 

mirrored advancements in logistics, information technology, and healthcare service delivery paradigms. 

2.1 Evolution of Healthcare Supply Chains 

Historically, HCSCs were linear, reactive systems focused on procurement and distribution. In the pre-digital 

era, decision-making in healthcare supply chains was largely manual and fragmented, relying on static 

inventory systems, paper-based logistics, and siloed information sharing between hospitals, suppliers, and 

distributors [17]. 

However, with globalization, increasing healthcare demands, and crises such as the COVID-19 pandemic, 

traditional supply chains proved inadequate. The introduction of enterprise resource planning (ERP), radio-
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frequency identification (RFID), and more recently, artificial intelligence (AI), has revolutionized how data 

is collected, interpreted, and acted upon in the supply chain [18]. 

2.2 Structure of a Modern Healthcare Supply Chain 

The modern HCSC involves five major interconnected entities: 

1. Manufacturers (pharmaceutical, biomedical equipment, PPE) 

 

2. Suppliers & Distributors 

 

3. Healthcare Facilities (hospitals, clinics, pharmacies) 

 

4. Patients & End-users 

 

5. Regulatory & Government Agencies 

 

The data flow across these entities is critical to operational effectiveness. AI enables dynamic forecasting, 

real-time risk mitigation, and responsive supply chain decision-making. 

Figure 1: Block Diagram of a Modern AI-Integrated Healthcare Supply Chain 

 

 

 Source: Adapted from Singh et al. [19] 
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Description of Figure 1: 

 

 The diagram illustrates an AI-embedded supply chain where data flows from patients, hospitals, 

and IoT devices into a central AI engine, which applies machine learning (ML) models to 

generate predictive analytics outputs (e.g., demand forecasts, disruption alerts). These outputs 

feed decision-making systems of procurement officers, suppliers, and logistics coordinators. 

2.3 Proposed Theoretical Model: AI-Driven Demand Forecasting and Risk Mitigation Framework 

This paper proposes a theoretical AI-integrated supply chain model that leverages predictive analytics, 

reinforcement learning, and cloud-based federated learning to improve demand accuracy and minimize 

disruptions. 

Figure 2: Proposed Theoretical Framework for AI-Based Supply Chain Optimization 

 
 Source: Developed by Author, adapted using concepts from Kamble et al. [10] and Banerjee & Gupta [15] 
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Components of the Theoretical Model 

1. Data Collection Layer 

 

○ Collects real-time data from EHR systems, IoT sensors, RFID tags, weather reports, supplier 

status, and social media sentiment [20]. 

 

○ Example: IoT-based temperature sensors in vaccine cold chains transmit data to the cloud. 

 

2. Data Processing Layer 

 

○ Cleansing, normalization, and anonymization of healthcare data. 

 

○ Blockchain can also be used here to ensure data integrity and traceability [21]. 

 

3. AI-Predictive Analytics Layer 

 

○ Applies machine learning (ML) and deep learning (DL) for: 

 

■ Demand forecasting (e.g., LSTM, ARIMA, XGBoost) 

 

■ Risk scoring (e.g., supplier reliability, logistics disruption) 

 

○ Reinforcement learning optimizes inventory decision-making policies [13]. 

 

4. Federated Learning Layer (Privacy-Preserving AI) 

 

○ Hospitals collaborate in demand prediction without sharing raw data. 

 

○ Improves model generalizability while preserving patient and institutional privacy [15]. 

 

5. Decision Support System (DSS) 

 

○ Provides real-time dashboards, alerts, and procurement recommendations. 

 

○ Explains predictions using Explainable AI (XAI) models for transparency [11]. 

 

6. Action & Feedback Layer 

 

○ Orders placed, supplies dispatched, and feedback collected. 

 

○ Feedback loops improve model performance over time through continuous learning. 

 

2.4 Benefits of the Proposed Model 

● Accuracy: Enhances forecasting accuracy by 20–35% using hybrid AI models [10], [15]. 
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● Resilience: Proactively identifies potential supply chain disruptions and creates mitigation plans [9], 

[12]. 

 

● Scalability: Cloud and federated learning architecture support cross-institutional scalability [15]. 

 

● Security and Privacy: Anonymization and federated architectures uphold data compliance (e.g., 

HIPAA, GDPR) [16]. 

 

2.5 Implementation Considerations 

● Data Quality and Integration: Poor-quality and fragmented datasets remain a barrier to AI 

adoption [22]. 

 

● Infrastructure: Low- and middle-income countries may lack the infrastructure for deploying large-

scale AI systems [23]. 

 

● Ethics and Governance: Ensuring that algorithms are bias-free and ethically deployed is crucial 

[16]. 

 

3. Experimental Results: AI Techniques for Demand Forecasting in Healthcare Supply Chains 

The implementation of AI techniques in healthcare supply chains (HCSCs) has gained momentum due to their 

superior ability to analyze large-scale, multi-dimensional, and often noisy data. This section consolidates 

experimental findings from recent studies, comparing the accuracy, efficiency, and robustness of various AI 

models used for demand forecasting and risk mitigation in healthcare logistics. 

3.1 Experimental Benchmarking of AI Models for Demand Forecasting 

Various machine learning (ML) and deep learning (DL) models have been deployed across healthcare systems 

to predict demand for medical supplies, pharmaceuticals, and hospital resources. The following AI techniques 

have been most frequently applied: 

● Traditional ML Models: Random Forest (RF), Support Vector Machine (SVM), XGBoost 

 

● Deep Learning Models: Long Short-Term Memory (LSTM), Convolutional Neural Networks 

(CNN) 

 

● Hybrid & Ensemble Models: RF-LSTM, ARIMA-LSTM 

 

● Statistical Models for Baseline Comparison: ARIMA, Holt-Winters 
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Table 2: Comparative Performance of AI Models in Healthcare Demand Forecasting 

 

Model Study Dataset RMSE MAE MAPE 

(%) 

Key 

Observatio

ns 

ARIMA [24] 

Sharma et 

al. (2020) 

Indian 

Hospital 

Chain (PPE 

demand) 

18.12 11.2 17.9 High error 

under 

volatile 

conditions, 

sensitive to 

seasonal 

shifts 

Random 

Forest 

[25] Singh 

et al. (2022) 

U.S. 

hospital 

logistics 

data 

9.81 6.74 11.3 Robust but 

less 

dynamic 

for time-

series 

trends 

LSTM [26] 

Kamble et 

al. (2022) 

COVID-19 

PPE & 

ventilator 

demand 

7.26 5.02 8.5 Best 

performanc

e on 

sequential, 

nonlinear 

datasets 

XGBoost [27] Mehta 

& Mohan 

(2022) 

Pharmaceut

ical retail 

data 

8.12 5.89 9.7 Good 

generalizati

on and 

scalable on 

large 

feature sets 

ARIMA + 

LSTM 

[28] 

Banerjee & 

Gupta 

(2023) 

Regional 

vaccine 

demand 

(India) 

6.02 4.11 6.8 Hybrid 

models 

outperform

ed 

standalone 
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methods in 

both 

accuracy 

and 

consistency 

Federated 

LSTM 

[29] Zhang 

et al. (2023) 

12 Hospital 

Network 

(privacy-

preserved) 

6.85 4.32 7.1 Preserved 

privacy 

with 

minimal 

accuracy 

trade-off 

Note: RMSE = Root Mean Square Error; MAE = Mean Absolute Error; MAPE = Mean Absolute 

Percentage Error 

3.2 Graphical Analysis of Forecasting Accuracy 

Figure 3: Comparison of MAPE (%) Across Forecasting Models 

 

 

 Source: Synthesized using data from Table 2, inspired by [24], [26], [28] 

Observations: 

 The ARIMA+LSTM hybrid model consistently outperforms traditional and standalone ML/DL 

models across datasets with MAPE as low as 6.8%. LSTM-based models also show strong 

performance due to their ability to capture temporal dependencies in volatile healthcare demands 

[26], [28]. 

3.3 Real-World Case Studies and Pilot Implementation 

Several studies have gone beyond simulation and implemented AI-driven demand forecasting models in real-

world healthcare settings: 

http://www.ijcrt.org/


www.ijcrt.org                                                          © 2025 IJCRT | Volume 13, Issue 7 July 2025 | ISSN: 2320-2882 

IJCRT2507181 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org b641 
 

Case Study 1: LSTM for PPE Forecasting at Mumbai COVID Hospital (India) 

Kamble et al. [26] applied LSTM models using 6 months of PPE usage data at a large public hospital. The 

model was trained on 80% of the data and validated on 20%, achieving MAPE = 8.5%. This enabled hospital 

administrators to reduce stockouts by 32% during the second wave of the pandemic. 

Case Study 2: Federated LSTM Across 12 Hospitals (China) 

Zhang et al. [29] implemented a federated LSTM architecture to predict weekly ventilator demand across 

12 hospitals in Beijing. The approach improved privacy compliance and achieved a MAPE of 7.1%, only 

marginally higher than centralized LSTM, proving its value for multi-site forecasting under data-sharing 

restrictions. 

Case Study 3: Hybrid ARIMA-LSTM in Vaccine Supply Chain (India) 

In a joint study by Banerjee & Gupta [28], a hybrid ARIMA-LSTM model was used to forecast regional 

vaccine needs based on historical delivery, climate, and outbreak reports. The model reduced forecasting error 

by 35% and optimized cold chain resource allocation in two Indian states. 

3.4 Sensitivity Analysis and Robustness 

Most studies included sensitivity analyses to examine how input variations (e.g., sudden spikes in cases, 

transport delays) affect forecast accuracy. Results show: 

● Traditional models (ARIMA) degrade significantly under non-stationary conditions [24]. 

 

● LSTM and hybrid models maintain stable performance despite demand fluctuations [26], [28]. 

 

● Federated models show only 4–6% error increase when trained with decentralized data [29]. 

 

3.5 Discussion: Implications of Experimental Results 

The experimental data unequivocally support the superior performance of AI models — especially deep 

learning and hybrid methods — over traditional statistical models in healthcare demand forecasting. Key 

implications include: 

● Improved Resilience: Better demand accuracy enables just-in-time procurement, lowering costs 

and minimizing stockouts [25]. 

 

● Privacy-Aware Collaboration: Federated learning allows secure cross-hospital collaboration, 

enabling broader forecasting coverage without regulatory violations [29]. 

 

● Scalability: AI models scale well across institutions and regions when cloud computing and edge 

processing are integrated [27]. 

 

However, the need for high-quality data, standardized data pipelines, and algorithm interpretability 

remain critical bottlenecks for full-scale implementation. 
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4. Future Research Directions 

Despite considerable progress in applying AI to healthcare supply chains, several research and 

implementation gaps warrant future investigation: 

4.1 Standardization of Healthcare Supply Chain Data 

The lack of standardized data formats and integration protocols continues to hinder AI model generalizability 

across institutions and regions [30]. Future research should focus on developing interoperable healthcare 

data standards that enable unified access to demand, supply, and logistics datasets for AI model training. 

4.2 Explainable and Trustworthy AI (XAI) 

Most deep learning models used in supply chain forecasting are black boxes, making it difficult for 

stakeholders to trust or interpret decisions. Research should explore explainable AI techniques tailored for 

healthcare logistics, integrating interpretability with accuracy to enhance adoption by medical and 

administrative staff [31]. 

4.3 Real-Time and Edge AI Deployment 

Future architectures should prioritize edge AI and real-time inference capabilities to support rapid decision-

making in hospitals, especially during emergencies. Developing lightweight AI models that can operate on 

hospital edge devices will improve responsiveness and reduce dependency on cloud infrastructure [32]. 

4.4 Integration with Blockchain and IoT 

To ensure data integrity, traceability, and secure device communication, AI models should be integrated with 

blockchain and Internet of Things (IoT) platforms. Future systems must explore AI-IoT-Blockchain 

convergence for end-to-end visibility in critical supply chains like vaccine cold chains [33]. 

4.5 Socio-Ethical and Equity-Oriented AI 

There is a pressing need for AI governance frameworks that address bias, fairness, and algorithmic 

transparency in healthcare supply chains. Future research must consider ethical AI design that aligns with 

global equity goals and healthcare access standards, especially in underserved regions [34]. 

5. Conclusion 

This review presents a comprehensive synthesis of recent advancements in AI-driven predictive analytics 

for healthcare supply chains, with a specific focus on demand forecasting and risk mitigation. The analysis 

of over ten recent experimental studies reveals that deep learning models (e.g., LSTM) and hybrid models 

(e.g., ARIMA-LSTM) consistently outperform traditional approaches like ARIMA, offering greater 

accuracy, robustness, and responsiveness. 

Additionally, federated learning architectures show promise in enabling collaborative prediction models 

without compromising data privacy. The proposed theoretical framework highlights the synergy between 

various AI layers — including real-time data ingestion, predictive analytics, federated learning, and 

explainable AI — to form resilient and scalable systems. 

However, challenges remain. These include lack of standardized data infrastructures, model 

interpretability, computational constraints in low-resource settings, and ethical concerns surrounding AI 
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use in critical health applications. By identifying these gaps, this review paves the way for future 

interdisciplinary research at the intersection of AI, healthcare logistics, ethics, and data governance. 

Ultimately, AI offers a transformative opportunity to revolutionize healthcare supply chains, making 

them more predictive, transparent, and resilient — capabilities essential to preventing future crises, improving 

global health outcomes, and ensuring equitable healthcare access in an increasingly interconnected world. 
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