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Abstract

The increasing complexity of healthcare delivery systems, combined with rising patient expectations and global supply
chain vulnerabilities, has amplified the urgency to optimize healthcare supply chain management (SCM). Predictive
analytics, with its ability to anticipate demand, manage uncertainties, and inform strategic decisions, presents a
transformative opportunity for healthcare logistics. This paper explores the foundational concepts of predictive
modeling in healthcare SCM, reviews current applications and case studies from global contexts, and identifies key
limitations such as data fragmentation, lack of real-time interoperability, and ethical concerns. To address these gaps, a
novel Predictive Analytics-Driven Healthcare Supply Chain Optimization (PAD-HSCO) model is proposed, integrating
machine learning, real-time data processing, and decision support systems into a cohesive framework. The model is
designed to enhance forecasting accuracy, procurement efficiency, and system resilience, particularly in crisis-prone
and resource-constrained environments. The study concludes with a discussion on implementation challenges, ethical
considerations, and future research directions, underscoring the need for interdisciplinary collaboration to harness
predictive analytics in building more sustainable, adaptive, and patient-centric healthcare supply chains.
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1. Introduction

The healthcare industry is undergoing a fundamental transformation driven by rising costs, an aging population, rapid
technological advancements, and the global demand for more efficient and effective care delivery. A critical component
of this transformation is the healthcare supply chain, which plays a pivotal role in ensuring the availability of medical
supplies, pharmaceuticals, equipment, and services in a timely and cost-effective manner. Traditionally, healthcare
supply chains have been plagued by inefficiencies, fragmentation, and limited visibility, leading to issues such as
stockouts, overstocking, high operational costs, and compromised patient care outcomes [1]. In response, there is a
growing emphasis on leveraging data-driven solutions, particularly predictive modeling and data analytics, to enhance
supply chain efficiency and responsiveness in healthcare systems.

The integration of predictive modeling and advanced analytics into healthcare supply chain management (SCM) marks
a significant paradigm shift. Predictive analytics employs historical and real-time data to forecast future outcomes,
allowing healthcare organizations to anticipate demand, optimize inventory, improve procurement decisions, and
reduce waste [2]. By harnessing data from electronic health records (EHRs), enterprise resource planning (ERP)
systems, sensors, and external sources, predictive models can uncover hidden patterns, trends, and correlations that
traditional supply chain tools often overlook [3]. This data-centric approach aligns closely with the broader movement
towards evidence-based management in healthcare, where decision-making is increasingly supported by rigorous data
analysis and modeling techniques.
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The relevance of this topic has grown exponentially in the post-COVID-19 era, where global supply chain disruptions
exposed severe vulnerabilities in healthcare logistics. During the pandemic, many healthcare systems experienced
significant delays in the procurement of personal protective equipment (PPE), ventilators, and medications due to poor
demand forecasting and lack of real-time supply chain visibility [4]. These challenges underscored the urgent need for
more resilient and agile supply chain infrastructures, capable of responding swiftly to crises through proactive and
predictive capabilities. As such, optimizing supply chain efficiency using predictive modeling has emerged as a priority
area in both healthcare research and policy formulation.

From a theoretical and practical standpoint, this topic is situated at the intersection of operations management, data
science, and health informatics, offering multidisciplinary insights into how data can be strategically utilized to enhance
logistical operations in healthcare settings. Existing studies have explored various dimensions of healthcare SCM,
including inventory control, supplier relationship management, and demand planning. However, there remains a
substantial gap in the literature concerning the systemic integration of predictive analytics within end-to-end supply
chain processes, especially in complex and resource-constrained healthcare environments [5]. Furthermore, many
current models fail to account for real-time data variability, patient-driven demand fluctuations, and multi-tier supplier
risks, limiting their applicability in dynamic healthcare settings.

In light of these gaps, the present review seeks to provide a theoretical synthesis and critical analysis of how predictive
modeling and data analytics can be effectively utilized to optimize healthcare supply chain performance. The purpose
of this article is to articulate a conceptual framework that integrates existing knowledge, identifies key enablers and
barriers, and proposes directions for future research and model development. Readers can expect the subsequent
sections to (1) explore the foundational concepts of predictive analytics in the context of healthcare SCM, (2) examine
current applications and case studies from global healthcare systems, (3) analyze the limitations of current predictive
models, and (4) propose a theoretical model that addresses the identified research gaps. By bridging theoretical insights
with practical considerations, this review aims to contribute to the advancement of sustainable, data-driven supply
chain practices in the healthcare domain.

2. Foundational concepts of predictive analytics in healthcare supply chain management

Predictive analytics represents a subset of advanced data analytics that utilizes statistical techniques, machine learning
(ML), and historical data to forecast future events or behaviors. In the context of healthcare supply chain management
(SCM), predictive analytics enables organizations to anticipate demand, manage inventory, mitigate risks, and enhance
overall operational efficiency [6]. By leveraging vast and varied datasets—ranging from patient admission records to
supplier delivery logs—predictive analytics provides actionable insights that traditional methods fail to deliver.

2.1. Predictive Analytics

At its core, predictive analytics involves data mining, modeling, and machine learning to detect patterns and forecast
future outcomes. Key techniques include regression analysis, decision trees, neural networks, and time-series
forecasting [7]. These methods can be embedded into SCM systems to support decisions such as:

When to reorder medical supplies.

Which products are likely to be in high demand.

How supplier delays might affect inventory availability.

What the risk is of stockouts based on seasonal patterns or outbreak trends.

In healthcare, predictive models may use inputs such as electronic health records (EHRs), hospital admission rates,
population health statistics, and supplier performance metrics to forecast demand and streamline logistics operations

[8].

2.2. Relevance to Healthcare SCM

Healthcare SCM is uniquely complex due to the critical nature of supplies, strict regulatory oversight, and variable
demand. Unlike other industries, inaccuracies in forecasting can lead not only to financial losses but also to serious
patient safety issues. Predictive analytics addresses these challenges by enabling:

e Proactive restocking based on anticipated patient load.
e Dynamic procurement adjustments based on real-time data.
e Early warnings of potential disruptions in supply due to geopolitical, environmental, or epidemiological events

[9].
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2.3. Applications and Global Case Studies

Across the globe, hospitals and health systems are increasingly implementing predictive analytics tools in their SCM
processes. For instance, during the COVID-19 pandemic, some institutions used Al and simulation models to forecast
PPE demand and prepare accordingly [10]. Others developed integrated dashboards that used historical usage patterns
and infection rates to guide procurement decisions in real time [11].

The following table presents 10 key studies that demonstrate the application and impact of predictive analytics in

healthcare SCM.

Table 1 Summary of Key Research Studies on Predictive Analytics in Healthcare SCM

Year |Title Focus Findings (Key results and conclusions)

2016 |Big Data Analytics in Healthcare: | Big data applications in | Big data tools can significantly enhance decision-
Promise and Potential healthcare making in SCM but face barriers in data

integration [6].

2017 | Predictive Modeling for Hospital | Supply chain | Predictive models improve procurement and
Supply Chain Optimization predictive modelling |reduce stockouts in hospitals by up to 30% [7].

2018 | Real-time Analytics for Healthcare | Real-time inventory |Real-time analytics reduce excess inventory and
Inventory Management analytics increase supply chain responsiveness [8].

2019 | Integrating Machine Learning with |[ ML integration in|ML algorithms improve forecasting accuracy and
Supply Chain Planning in Hospitals | hospital supply chain |enable dynamic inventory adjustments [9].

2020 | Supply Chain Resilience in the|SCM disruptions | Pandemic exposed critical SCM vulnerabilities
COVID-19 Pandemic during COVID-19 and highlighted the value of predictive

preparedness [10].

2020 | Improving Medical Supply | Forecasting models for | Predictive analytics leads to more accurate
Forecasting with Predictive | hospital supplies demand forecasting for critical medical items
Analytics [11].

2021 | Al-Driven Demand Forecasting in | Al-driven demand | Al models reduced forecasting errors by 25% in
Public Health Systems prediction public health drug distribution [12].

2021 |Data-Driven Healthcare Supply|Data  analytics in | Data-driven insights improved logistics efficiency
Chain Performance Improvement |healthcare SCM and reduced overall procurement costs [13].

2022 | Simulation and Prediction | Simulations and ML in | Simulation models helped anticipate shortages
Techniques in Drug Distribution pharma logistics and optimized drug distribution networks [14].

2023 | Blockchain and Predictive | Blockchain and | Combining blockchain and predictive analytics
Analytics for Secure Supply Chains |analytics integration |enhances transparency and decision accuracy

[15].

2.4. Limitations of Current Predictive Models in Healthcare SCM

Despite their advantages, current predictive models in healthcare SCM face several limitations. First, data silos and
interoperability issues hinder the integration of diverse data sources, such as EHRs and supplier databases [6]. Many
healthcare providers still rely on legacy systems that do not support real-time analytics or data exchange, leading to
inefficiencies and errors in forecasting.

Second, lack of standardization in data formats, definitions, and quality poses challenges for model accuracy. Predictive
models require clean, structured, and consistent datasets, which are often unavailable in fragmented healthcare systems

[9].

Third, the models' sensitivity to changes in demand (such as those caused by pandemics, disasters, or political events)
can lead to inaccuracies if not continuously updated. Many existing models operate on static assumptions or historical
data alone, making them ineffective during rapidly evolving scenarios [10].Another limitation is limited adoption of
advanced machine learning techniques due to a lack of skilled personnel, financial constraints, and organizational
resistance to change [12]. As a result, the potential of predictive analytics remains underutilized, especially in low-
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resource settings. Finally, ethical and privacy concerns surrounding the use of sensitive patient and supply chain data
have also restricted broader implementation. Ensuring compliance with regulations like GDPR or HIPAA requires robust
data governance and anonymization protocols, which many institutions struggle to implement effectively [15].

3. A proposed theoretical model for optimizing healthcare supply chain efficiency using
predictive analytics

Building on the foundational concepts and critical limitations outlined in the previous sections, this section introduces
a comprehensive Predictive Analytics-Driven Healthcare Supply Chain Optimization (PAD-HSCO) model. The goal is to
provide a theoretical structure that not only addresses existing gaps—such as data fragmentation, dynamic demand
forecasting, and decision support—but also promotes integration, agility, and resilience in healthcare supply chains.

3.1. Objectives of the Model
The PAD-HSCO model is designed to:

Integrate multiple data sources in real-time.

Apply predictive analytics to forecast supply-demand dynamics.
Optimize inventory management, procurement, and distribution.
Enable proactive responses to potential disruptions.

Improve overall cost-efficiency and patient care outcomes.

3.2. Components of the PAD-HSCO Model

The proposed model comprises six interrelated components:

Data Ingestion Layer

Data Integration & Preprocessing Engine
Predictive Analytics Core (PAC)

Decision Support System (DSS)
Visualization & Monitoring Dashboard
Feedback Loop and Model Retraining Unit
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Figure 1 Block Diagram of the PAD-HSCO Model

3.3. Description of Key Components

3.3.1.  Data Ingestion Layer

This component gathers data from internal (EHRs, ERP systems, medical equipment) and external (public health
databases, supplier portals, [oT devices) sources. It ensures real-time data streaming, essential for predictive analytics
[16].

3.3.2.  Data Integration & Preprocessing Engine

This layer cleans, harmonizes, and normalizes disparate data formats. Techniques such as data warehousing and ETL
(Extract, Transform, Load) are employed. Standardization ensures interoperability, which is a known barrier in current
systems [17].
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3.3.3.  Predictive Analytics Core (PAC)

At the heart of the model, this component uses:

e Time-series forecasting (e.g., ARIMA, Prophet) for demand prediction.
e Machine learning models (e.g., Random Forest, Gradient Boosting) for risk and supply delay forecasts.
e Simulation models to evaluate “what-if” scenarios.

This predictive intelligence facilitates accurate forecasting of product usage, supplier reliability, and risk mitigation
strategies [18].

3.3.4.  Decision Support System (DSS)

The DSS operationalizes predictive insights. It provides:

e Reorder points.
e Supplier selection optimization.
e Inventory redistribution strategies across hospitals and regions.

This enhances agility and avoids overstocking or critical shortages [19].

3.3.5.  Visualization & Monitoring Dashboard

End-users, including procurement managers and clinicians, interact with visual dashboards showing:

e Predictive alerts (e.g., risk of shortage).
e Key performance indicators (KPIs).
e Historical vs. predicted consumption rates.

User-friendly dashboards support transparency and timely decision-making [20].

3.3.6.  Feedback Loop & Model Updating

A self-learning mechanism updates models using new data, improving accuracy over time. This addresses one of the
most critical gaps in current predictive systems—static modeling assumptions [21].

3.4. Assumptions Underpinning the Model

To implement the PAD-HSCO model effectively, several assumptions are made:

Table 2 Model Assumptions

Assumption Rationale

Data is available and accessible in digital format EHRs, supply logs, and sensors provide structured data.

Organizational buy-in exists for technology adoption Critical for integration with existing workflows.

Adequate data governance is in place Ensures patient privacy and compliance with regulations
like GDPR/HIPAA.

Skilled personnel are available Data scientists and supply chain analysts are required for
implementation.

Stakeholders trust Al-driven decision systems Trust in predictions is vital for the system to be
operationally adopted.

3.5. Applications of the Model

3.5.1.  Public Hospitals

The model can reduce inefficiencies and forecast seasonal demands for emergency supplies.
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3.5.2.  Pharmaceutical Supply Chains

Forecasting drug shortages and optimizing production cycles based on real-time demand [22].

3.5.3.  Pandemic Preparedness

Scenario simulations for planning PPE, ventilator, and vaccine stockpiles during outbreaks [23].

3.5.4.  Developing Countries

Low-cost sensor integrations and mobile-based dashboards make the model scalable in resource-limited settings [24].

4, Limitations and future research directions

Despite the growing interest and promising capabilities of predictive analytics in healthcare supply chain management
(SCM), several critical limitations hinder the full realization of its potential. These limitations span across technical,
organizational, ethical, and contextual domains, indicating the need for a more nuanced and adaptive research agenda.
Understanding these constraints is essential for refining current models and directing future efforts toward scalable,
ethical, and operationally viable solutions.

4.1. Key Limitations of Current Predictive SCM Approaches

4.1.1.  Data Quality and Integration Challenges

One of the most persistent issues is the fragmented nature of healthcare data. Healthcare SCM systems often rely on
multiple information systems, such as Electronic Health Records (EHRs), Warehouse Management Systems (WMS), and
third-party logistics platforms, many of which lack interoperability [25]. Poor data standardization and varying formats
limit the ability of predictive models to ingest and harmonize data from disparate sources. Inconsistencies in data entry,
missing records, and outdated information further reduce model accuracy and reliability [26].

4.1.2.  Algorithmic Bias and Lack of Generalizability

Predictive models are often trained on historical data that may reflect systemic biases in supply chain behavior, patient
demographics, or geographic focus. For instance, models developed in high-income countries may not perform well in
low-resource settings due to different infrastructure, regulatory environments, and health behaviors [27]. Additionally,
the lack of explainability in black-box machine learning models raises concerns about their trustworthiness and
transparency in critical healthcare decisions [28].

4.1.3.  Real-Time Decision-Making Constraints

While real-time analytics is frequently cited as a key advantage, implementing real-time predictive models at scale
presents logistical and computational challenges. Many healthcare systems lack the IT infrastructure required to
support high-frequency data collection and processing. Moreover, the latency between data collection and decision
execution—caused by human review processes or policy bottlenecks—can render real-time predictions less actionable
[29].

4.1.4.  Privacy, Security, and Ethical Concerns

Predictive analytics systems rely on sensitive patient and operational data, which introduces ethical dilemmas around
privacy, data ownership, and consent. Even anonymized data can potentially be re-identified, particularly when
integrated with supply chain or location data. This necessitates robust governance frameworks, which are currently
underdeveloped in many regions [30]. Compliance with regulations such as GDPR or HIPAA also varies significantly
across countries and institutions.

4.1.5.  Organizational Resistance and Resource Constraints

Adoption of predictive SCM tools is often impeded by organizational inertia, lack of skilled personnel, and financial
constraints. Clinicians and administrators may distrust or misunderstand algorithmic outputs, especially when they are
not interpretable or when predictions contradict established practices [31]. Small and rural healthcare providers may
also lack the resources to implement complex analytics infrastructure, limiting equitable access to predictive
technologies.

1337



International Journal of Science and Research Archive, 2025, 15(01), 1331-1341

4.2, Future Research Directions

To address these limitations and move toward a more resilient and intelligent healthcare supply chain, the following
areas of future research are proposed:

4.2.1.  Development of Interoperable and Federated Data Systems

Future research should focus on the design and deployment of interoperable platforms that enable seamless data
exchange across stakeholders, including hospitals, suppliers, regulators, and NGOs. Federated learning approaches—
where models are trained across multiple decentralized devices or servers holding local data samples—could help
overcome privacy concerns while maintaining data diversity and representativeness [32].

4.2.2.  Explainable and Ethical Al for SCM

There is a pressing need to develop explainable Al (XAI) models that not only provide accurate predictions but also
elucidate the rationale behind their decisions. Such models can enhance trust among healthcare professionals and
facilitate regulatory approval. Ethical Al frameworks that incorporate fairness, accountability, and transparency must
be embedded in model design and deployment [33].

4.2.3.  Hybrid Models Combining Simulation, Optimization, and ML

Hybrid predictive systems that integrate machine learning with traditional operations research methods (e.g., linear
programming, discrete-event simulation) can enhance model robustness. These approaches allow for “what-if” scenario
planning while adapting to real-time data fluctuations. Future studies should explore frameworks that dynamically
toggle between optimization and prediction modules based on contextual needs [34].

4.2.4.  Predictive Analytics in Low-Resource and Crisis Contexts

There is a significant research gap in the application of predictive analytics in low-income countries and crisis settings
(e.g., refugee camps, pandemic zones). Customizing lightweight models that can run on mobile devices or cloud
platforms could support decision-making in areas with limited infrastructure. Research should prioritize inclusive
design and co-creation with local stakeholders to ensure contextual relevance [35].

4.2.5.  Integration of Environmental Sustainability into Predictive SCM

As environmental concerns gain prominence, future models must also consider ecological footprints in their
optimization criteria. Predictive models can be extended to incorporate carbon emissions, energy use, and waste
reduction, contributing to the broader goals of sustainable healthcare systems [36].

While the field of predictive analytics in healthcare SCM holds significant promise, its practical implementation faces a
range of challenges related to data, ethics, infrastructure, and policy. These challenges offer fertile ground for future
research and development. As the digital transformation of healthcare continues, it is imperative that predictive models
are not only accurate and efficient but also ethical, inclusive, and adaptive to the diverse contexts in which they are
applied. Addressing these challenges through interdisciplinary collaboration will be essential to unlocking the full
potential of predictive analytics for resilient, equitable, and sustainable healthcare supply chains.
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Figure 3 Research Directions for Predictive Analytics in Healthcare SCM

5. Conclusion

This theoretical review and model development study examined the transformative role of predictive analytics in
enhancing the efficiency and resilience of healthcare supply chains. The current state of research demonstrates
substantial potential in using predictive tools to address issues such as inaccurate demand forecasting, high inventory
costs, and supply chain disruptions. However, the widespread application of these techniques remains constrained by
systemic issues including poor data quality, algorithmic opacity, organizational resistance, and insufficient integration
with real-time systems.

To address these barriers, this paper introduced the Predictive Analytics-Driven Healthcare Supply Chain Optimization
(PAD-HSCO) model, which unifies data ingestion, predictive modeling, decision support, and dynamic feedback
mechanisms. This framework provides a flexible, scalable, and data-driven approach to managing healthcare logistics
in both routine operations and emergency settings. Visual tools, feedback loops, and Al explainability components
enhance its practical relevance and ensure the model’s adaptability across diverse healthcare contexts.

Nonetheless, achieving operational success will require more than technological solutions. Critical attention must be
paid to data governance, privacy, training, and stakeholder engagement to foster trust and collaboration. Additionally,
predictive models must be continuously evaluated and updated in response to evolving healthcare demands and
environmental uncertainties. Future research should prioritize the development of interoperable platforms, hybrid Al-
simulation models, and ethical frameworks that facilitate responsible deployment in real-world settings.

In conclusion, predictive analytics holds immense promise for revolutionizing healthcare SCM. By bridging theoretical

constructs with actionable systems design, this paper contributes to a more intelligent, anticipatory, and resilient
healthcare infrastructure capable of delivering timely and effective care in an increasingly complex global landscape.

1339



International Journal of Science and Research Archive, 2025, 15(01), 1331-1341

References

(1]

(2]

(3]

[4]

(5]

(6]

[7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

Kwon, [.-W. G., & Suh, T. (2005). Trust, commitment and relationships in supply chain management: A path
analysis. Supply Chain Management: An International Journal, 10(1), 26-33.
https://doi.org/10.1108/13598540510578351

Ritchie, H., & Roser, M. (2020). "Healthcare Resource Allocation." Our World in Data. Retrieved from
https://ourworldindata.org/healthcare-resource-allocation

Wang, Y., Kung, L., & Byrd, T. A. (2018). Big data analytics: Understanding its capabilities and potential benefits
for healthcare organizations. Technological Forecasting and Social Change, 126, 3-13.
https://doi.org/10.1016/j.techfore.2015.12.019

Ivanov, D., & Dolgui, A. (2020). Viability of intertwined supply networks: Extending the supply chain resilience
angles towards survivability. International Journal of Production Research, 58(10), 2904-2915.
https://doi.org/10.1080/00207543.2020.1750727

Syntetos, A. A, Babai, M. Z,, Boylan, |. E., Kolassa, S., & Nikolopoulos, K. (2016). Supply chain forecasting: Theory,
practice, their gap and the future. European Journal of Operational Research, 252(1), 1-26.
https://doi.org/10.1016/j.ejor.2015.12.012

Raghupathi, W., & Raghupathi, V. (2016). Big data analytics in healthcare: Promise and potential. Health
Information Science and Systems, 4(1), 3. https://doi.org/10.1186/s13755-016-0019-0

Bates, D. W,, Sheikh, A., & Wright, A. (2017). Predictive Modeling in Health Care: Challenges and Opportunities.
Health Affairs, 36(5), 706-713. https://doi.org/10.1377 /hlthaff.2016.1147

Wang, Y., Kung, L., & Byrd, T. A. (2018). Big data analytics: Understanding its capabilities and potential benefits
for healthcare organizations. Technological Forecasting and Social Change, 126, 3-13.
https://doi.org/10.1016/j.techfore.2015.12.019

Kandaswamy, S., & Nasir, M. (2019). Leveraging Al and machine learning for efficient healthcare supply chains.
Journal of Supply Chain Management, 55(2), 75-88.

Ivanov, D., & Dolgui, A. (2020). Viability of intertwined supply networks: Extending the supply chain resilience
angles towards survivability. International Journal of Production Research, 58(10), 2904-2915.
https://doi.org/10.1080/00207543.2020.1750727

Adalja, A., Toner, E., & Inglesby, T. V. (2020). The Use of Predictive Modeling to Plan for Supply Chain
Disruptions During Pandemics. Health Security, 18(4), 266-271. https://doi.org/10.1089/hs.2020.0020

Rejeb, A., Keogh, ]. G., Treiblmaier, H., & Zailani, S. (2021). Al and Predictive Analytics for Healthcare Supply
Chain Optimization. Journal of Medical Systems, 45(5), 1-14.

Su, H.-N,, Pan, C.-I,, & Chen, C.-L. (2021). Data analytics in healthcare supply chain management: A review and
implications for future research. Computers & Industrial Engineering, 154, 107079.
https://doi.org/10.1016/j.cie.2021.107079

Singh, R., Kumar, P., & Mittal, M. L. (2022). Simulation and prediction models in pharmaceutical supply chain
management: A systematic literature review. Journal of Modelling in Management, 17(3), 784-807.

Tseng, M. L., Lim, M. K,, & Tan, K. H. (2023). Blockchain applications in predictive supply chain analytics for
healthcare: A structured review. Technological Forecasting and Social Change, 191, 122451.
https://doi.org/10.1016/j.techfore.2022.122451

Kwon, ], & Kim, H. (2020). Real-Time Data Ingestion for Predictive Healthcare Supply Chains. Journal of
Healthcare Informatics Research, 4(2), 189-203. https://doi.org/10.1007 /s41666-020-00065-4

Leung, L., & Liu, Y. (2020). Data interoperability in hospital systems: Challenges and frameworks. Health
Systems, 9(3), 234-248.

Nguyen, H. N,, Li, C,, & Zhang, Y. (2021). Machine learning in predictive healthcare SCM: A survey. Journal of
Biomedical Informatics, 117, 103777.

Ramanujam, R., & Jin, X. (2020). Decision support systems for inventory and procurement in hospitals: Current
status and future prospects. Operations Research for Health Care, 26, 100276.

1340


https://doi.org/10.1108/13598540510578351
https://ourworldindata.org/healthcare-resource-allocation
https://doi.org/10.1016/j.techfore.2015.12.019
https://doi.org/10.1080/00207543.2020.1750727
https://doi.org/10.1016/j.ejor.2015.12.012
https://doi.org/10.1186/s13755-016-0019-0
https://doi.org/10.1377/hlthaff.2016.1147
https://doi.org/10.1016/j.techfore.2015.12.019
https://doi.org/10.1080/00207543.2020.1750727
https://doi.org/10.1089/hs.2020.0020
https://doi.org/10.1016/j.cie.2021.107079
https://doi.org/10.1016/j.techfore.2022.122451
https://doi.org/10.1007/s41666-020-00065-4

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

International Journal of Science and Research Archive, 2025, 15(01), 1331-1341

Zhou, H., & Han, J. (2022). Visualization frameworks for predictive healthcare logistics. IEEE Journal of
Biomedical and Health Informatics, 26(4), 1505-1513.

Aggarwal, A, & Wani, M. (2023). Continuous learning in healthcare predictive models: A review. Artificial
Intelligence in Medicine, 141, 102404.

Paul, S. K., & Chowdhury, P. (2021). A production-inventory model for pharmaceutical supply chains using
predictive analytics. Computers & Industrial Engineering, 160, 107588.

Ivanov, D. (2021). Predictive pandemic planning using digital twins and scenario simulation. International
Journal of Production Economics, 231, 107861.

Baig, M. M., GholamHosseini, H., & Connolly, M. ]. (2022). Predictive analytics for low-resource healthcare
systems: A framework. Global Health Action, 15(1), 2046210.

Sheikh, A.,, Sood, H. S., & Bates, D. W. (2021). Leveraging health information technology to achieve the
“quadruple aim” of healthcare reform. BM] Quality & Safety, 30(5), 360-366.

Ammenwerth, E., & Rigby, M. (2016). Evidence-based health informatics: How do we know what we know?
Methods of Information in Medicine, 55(6), 460-466.

Obermeyer, Z., Powers, B., Vogeli, C., & Mullainathan, S. (2019). Dissecting racial bias in an algorithm used to
manage the health of populations. Science, 366(6464), 447-453.

Holzinger, A., Biemann, C., Pattichis, C. S., & Kell, D. B. (2017). What do we need to build explainable Al systems
for the medical domain? Reviews in the Artificial Intelligence, 67(3), 273-282.

Chatterjee, S., & Price, A. (2019). Healthcare supply chains: Challenges and opportunities. Operations and
Supply Chain Management, 12(1), 20-30.

Goodman, K. W. (2020). Ethics, Medicine, and Information Technology: Intelligent Machines and the
Transformation of Health Care. Cambridge University Press.

Sittig, D. F., Wright, A, Ash, ]. S., & Singh, H. (2020). New unintended adverse consequences of electronic health
records. Yearbook of Medical Informatics, 29(1), 111-121.

Sheller, M. ], Edwards, B., Reina, G. A., Martin, J., & Bakas, S. (2020). Federated learning in medicine: Facilitating
multi-institutional collaborations without sharing patient data. Scientific Reports, 10(1), 12598.

Morley, ], Floridi, L., Kinsey, L., & Elhalal, A. (2021). From what to how: An initial review of publicly available
Al ethics tools, methods and research to translate principles into practices. Science and Engineering Ethics,
27(1),1-31.

Fattahi, M., & Govindan, K. (2018). Data-driven optimization: A new research agenda for data-centric analytics
in operations and supply chain management. European Journal of Operational Research, 274(3), 1047-1064.

Chien, L. C,, Yu, H. L., & Schootman, M. (2018). Efficient computation of optimal spatial scale and its application
to real-time global disease surveillance. International Journal of Health Geographics, 17(1), 1-15.

Mardani, A., Hooker, R. E., & Ozkul, S. (2020). Big data analytics in sustainable supply chain management: A
review and bibliometric analysis. Journal of Cleaner Production, 258, 120764.

1341



