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Abstract. This position paper explores healthcare operations and logistics from a
multicriteria decision-making (MCDM) perspective, emphasizing the integration
of operations research (OR) models with healthcare information technology (HIT).
It reviews key OR problem classes, including timetabling, facility location, resource
allocation, inventory management, supply chains, and routing, and synthesizes the
performance criteria and trade-offs among efficiency, cost, patient outcomes, equity,
resilience, and sustainability. We argue that classical and modern MCDM techniques
are shown to reveal and balance these trade-offs, guiding model formulation
and governance in complex healthcare systems. Beyond methodological aspects,
we call for two complementary integrations. The first is horizontal integration:
interoperability-by-design across peer healthcare IT and logistics platforms (e.g.,
EHRs, laboratory and imaging systems, asset and inventory management, and
supplier interfaces) so that OR models can reliably read and write executable data
and actions. The second is vertical integration: alignment of decisions, uncertainty
treatments, and information hand-offs across planning horizons, operationalized
through a four-level hierarchy of real-time (H1), operational (H2), tactical (H3), and
strategic (H4). This hierarchy aligns problems, decision methods, and information
hand-offs across horizons, linking rapid response and scheduling at lower levels
with long-term capacity planning and governance at higher levels. The paper
concludes with a research agenda focused on (i) multiobjective modeling that
elevates equity and sustainability as primary design goals, (ii) interoperability-by-
design frameworks connecting OR tools with healthcare IT infrastructures, and
(iii) time-scale-aware optimization combining robust, stochastic, and learning-
augmented methods to achieve adaptive, reliable, and data-driven healthcare
logistics.
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1 Introduction

Healthcare logistics shapes access, outcomes, and the efficient use of scarce resources [8].
Demands for better care and cost control require decision processes that can weigh several
goals at once. Multicriteria decision-making (MCDM) provides such a basis by making
trade-offs explicit and comparable [49, 71, 94, 120]. In this paper, we take a position
that healthcare operations should be planned and controlled with a multiobjective and
multidisciplinary lens, where equity and sustainability stand alongside cost, service, and
clinical outcomes as first-class criteria [59, 61, 90, 259, 274, 280].

We ground this view in key OR problem classes that recur across health systems:
timetabling of appointments, staff, and equipment [22, 69, 100, 138, 199, 235]; facility
location and coverage [7, 13, 95, 107, 108]; resource allocation of personnel, budgets,
and devices [186]; inventory and supply chains [54, 56, 207, 246, 288]; and routing
for emergency response and distribution [266]. Across these topics, MCDM allows
quantitative and qualitative criteria to be combined and discussed with stakeholders in a
transparent way.

Two forms of integration are needed for these models to matter in practice. We
use the terms horizontal and vertical integration in a complementary, axis-based sense.
Horizontal integration concerns interoperability and coordination across peer systems,
departments, and organizations operating at comparable decision levels—for instance,
linking EHR data streams with inventory, laboratory, imaging, and supplier platforms to
enable end-to-end logistical visibility and model-driven execution [62, 115]. Vertical
integration concerns coherence across time scales, ensuring that real-time control,
operational scheduling, tactical policy setting, and strategic design exchange machine-
readable targets, constraints, and feedback signals [6, 98, 126, 189, 212,277].

The second is vertical integration across planning horizons and uncertainty profiles.
We adopt the healthcare planning hierarchy and make the real-time layer explicit: strategic,
tactical, operational, and real-time control (H4–H1) [148]. This ordering assigns the
right problems and methods to the right time scale and clarifies hand-offs. Strategic
and tactical levels set networks, capacities, contracts, buffers, and targets; operational
planning produces feasible rosters and appointment books; real-time control adjusts to
arrivals, no-shows, traffic, and device failures within minutes and hours. Uncertainty also
changes by horizon: deep uncertainty and stress testing at H4, non-stationary demand and
lead times at H3, scenario or chance constraints at H2, and rolling-horizon repairs with
short-term forecasts at H1. In Section 5, Table 1 summarizes this H1–H4 scheme and
the associated methods and data flows, which we view as the backbone for closed-loop,
evidence-based operations.

Our contribution is to articulate this combined agenda. We argue for multiobjective
models that treat equity and sustainability as core goals, for interoperability-by-design
that links OR with healthcare IT, and for time-scale-aware optimization that matches
methods to horizon and uncertainty. The remainder of the paper reviews the main OR
problem classes in healthcare, discusses MCDM and performance criteria, develops the
case for IT integration and interoperability, and then presents the H1–H4 framework
for vertical alignment before outlining conclusions and future directions. See Fig. 1 for
a two-dimensional integration map illustrating horizontal interoperability across peer
systems and vertical alignment across the time scales H1–H4.
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Fig. 1. A 2D integration map highlighting horizontal interoperability across peer systems (marked
in yellow) and vertical alignment across time scales H1–H4 (marked in blue).

The remainder of the paper is structured as follows. Section 2 maps the main OR
problem classes in healthcare, including timetabling, facility location, resource allocation,
inventory, supply chains, and routing. Section 3 defines the performance criteria, key
trade-offs, and the MCDM toolbox used to balance them. In Section 4, the focus is on
horizontal integration through healthcare IT interoperability, showing how OR tools
connect to peer digital systems (EHRs, asset and inventory platforms, laboratory and
imaging systems, and supplier interfaces) to support data quality, AI/IoT enrichment,
and executable decision support. Section 5 develops the concept of vertical integration
across time scales (H1–H4) and uncertainty profiles, aligning short-term operations with
long-term strategic planning. Section 6 closes with conclusions and a research agenda on
multiobjective modeling, interoperability-by-design, and time-scale-aware optimization.

2 Different Types of Operations Research Problems in Healthcare

This section addresses horizontal integration through Healthcare Information Technology
(HIT). Here, horizontal integration denotes interoperability and coordination across peer
digital platforms that support clinical and logistical workflows, enabling OR models to be
embedded as decision services that consume standardized data and produce executable
outputs.
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2.1 Timetabling

In this section, we discuss the challenges of scheduling within healthcare systems,
including patient appointment scheduling [138, 199], staff rostering [55, 100], and
resource utilization [69, 235]. We also describe multicriteria approaches to balancing
efficiency, patient satisfaction, and operational costs. Scheduling within healthcare
systems presents significant challenges due to the need to balance competing priorities.
Patient appointment scheduling must account for individual needs, specialist availability,
and case urgency while minimizing patient wait times and ensuring equitable access to
care [132]. Staff rostering involves optimizing shift patterns to meet patient demand while
adhering to legal and contractual obligations, maintaining staff satisfaction, and preventing
burnout [99]. Resource utilization, including operating rooms, medical equipment, and
diagnostic facilities, requires careful synchronization to maximize capacity and minimize
downtime or bottlenecks [69].

Multicriteria decision-making approaches are increasingly used to address these
challenges by integrating efficiency, patient satisfaction, and operational cost considera-
tions [223]. For instance, hybrid optimization techniques, combining linear programming,
heuristic algorithms, simulation models, and the use of artificial intelligence (AI) and
machine learning (ML) models, have shown promise in creating schedules that achieve a
balance between conflicting objectives [19, 178]. Patient satisfaction is often enhanced
by reducing waiting times and ensuring timely access to specialists, while operational
costs are managed through efficient resource allocation and the minimization of over-
time expenses [3]. These methods often incorporate stochastic models to account for
the inherent variability in healthcare demand and resource availability. Additionally,
advances in AI and ML provide dynamic, real-time scheduling adjustments to respond to
unforeseen disruptions, such as staff absences or emergency cases, further enhancing
system resilience [17, 178]. By integrating patient-centric metrics with operational
efficiency goals, these multicriteria approaches ensure a holistic and adaptive solution to
the timetabling complexities inherent in healthcare systems.

The scheduling of patient appointments is particularly challenging in outpatient
clinics, where fluctuating patient arrival rates and no-show rates can significantly disrupt
planned schedules [12, 86]. Predictive analytics, using historical data and machine
learning, can forecast patient behavior, allowing clinics to strategically overbook or
adjust schedules dynamically. This approach not only optimizes resource utilization
but also mitigates patient dissatisfaction caused by long wait times [220]. In surgical
scheduling, another area of critical importance, block scheduling methods, and constraint
programming are frequently used to efficiently allocate operating rooms. These methods
reduce surgery delays and ensure that high-priority cases are accommodated while
maintaining balance with elective procedures [281]. Furthermore, the introduction of
priority-driven frameworks ensures equitable care delivery while adhering to operational
constraints.

Staff rostering presents its own set of challenges, particularly in settings with
24/7 operational requirements, such as emergency departments and intensive care
units [216]. Ensuring compliance with labor regulations, equitable shift distribution, and
minimizing overwork are critical concerns. Agent-based simulation models, combined
with evolutionary algorithms, have been used to design robust rostering solutions that
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account for both the personal preferences of healthcare workers and the institutional
requirements of hospitals [66]. Moreover, integrating workforce availability with real-time
demand forecasts enables adaptive rostering, where schedules are dynamically updated
to address unexpected staff shortages or surges in patient admissions. Such adaptive
systems contribute to reducing burnout and improving overall job satisfaction among
healthcare workers.

Resource utilization, particularly for high-demand facilities such as diagnostic imaging
centers and intensive care units, requires a delicate balance between operational efficiency
and patient-centered care. Capacity planning models that incorporate simulation-based
optimization enable healthcare providers to forecast demand, allocate resources effectively,
and minimize delays in service delivery. For instance, the queueing theory has been
widely applied to model patient flow and identify bottlenecks, allowing administrators to
make evidence-based decisions regarding resource allocation [129]. The advent of digital
twins (i.e., virtual replicas of healthcare systems) provides an innovative tool for testing
scheduling scenarios and optimizing resource usage in a risk-free environment [20].

Despite these advancements, many challenges persist. Healthcare systems often
encounter resistance to change, particularly when adopting new scheduling technologies
or methodologies. Moreover, the fragmented nature of healthcare delivery systems
can create silos, hindering the seamless integration of timetabling solutions across
departments. Addressing these issues requires a multidisciplinary approach that engages
stakeholders at all levels, including administrators, clinicians, and patients. Policies that
promote collaboration, data sharing, and the adoption of interoperable technologies are
crucial for overcoming these barriers and ensuring the successful implementation of
advanced timetabling solutions.

In conclusion, timetabling in healthcare systems is a complex and multifaceted
challenge that requires innovative, data-driven approaches to ensure efficiency, patient
satisfaction, and cost-effectiveness. Advances in optimization techniques, artificial
intelligence, and predictive analytics offer valuable tools to address these challenges, but
their successful implementation relies on overcoming organizational, technological, and
cultural barriers. Future research should prioritize the development of more adaptive,
patient-centered, and resilient scheduling systems to meet the evolving demands of
healthcare delivery.

2.2 Facility Location

This section explains the importance of facility location in healthcare logistics, addressing
criteria such as accessibility, demand satisfaction, and cost minimization. At the end, we
introduce relevant multicriteria models for optimizing facility location. The location of the
facility plays an essential role in healthcare logistics, serving as a fundamental determinant
of the efficiency, accessibility, and overall quality of healthcare services [13]. The strategic
positioning of healthcare facilities significantly influences the ability to address patient
demand, reduce costs, and ensure equitable access to medical resources [13]. Accessibility
is a paramount criterion, as facilities must be located within a reasonable distance (known
as service distance [33, 36]) from the populations they are intended to serve. This is
particularly crucial in rural or underserved regions, where transportation barriers can
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exacerbate health disparities [80]. Ensuring proximity to densely populated or high-
demand areas is essential for timely care delivery, especially for emergency services,
where every minute can mean the difference between life and death [292].

Demand satisfaction is another critical factor in facility location. Facilities must
be located where patient needs are highest, which requires robust demand forecasting
methods to identify current and future healthcare needs. For example, demographic
and epidemiological analyses can guide the placement of specialized centers, such as
oncology or dialysis clinics, in areas with a higher incidence of relevant conditions [273].
Incorporating demand variability into location models enables planners to design resilient
systems that can adapt to evolving healthcare needs without compromising service quality.

Cost minimization, while vital for sustainability, must be balanced with accessibility
and quality. The costs related to land acquisition, construction, personnel, and operational
logistics must be optimized to ensure long-term viability. Location-allocation models,
which integrate spatial and financial data, are widely used to minimize these costs while
maintaining acceptable service levels [142]. These models often utilize optimization
techniques such as integer programming or heuristic/metaheuristic methods to identify
the most cost-effective configurations.

Multicriteria decision-making models are used to optimize facility location in
healthcare logistics [73,91]. These models integrate various criteria, such as accessibility,
cost, demand, and equity, into a unified framework. For instance, the 𝑝-median model
focuses on minimizing the distance between demand points and facilities, thereby
enhancing accessibility [87]. In contrast, the maximal covering location problem (MCLP)
seeks to maximize the population covered within a predefined service radius, ensuring
broader reach [33,36]. Hybrid models, which combine the characteristics of the 𝑝 median
model and MCLP, have been developed to address complex challenges in the real world,
such as balancing the healthcare needs of urban and rural populations [85]. To optimize
facility location in healthcare logistics, multicriteria decision-making models (MCDM)
are frequently employed. These models help to evaluate multiple criteria simultaneously,
ensuring that the chosen location meets various essential requirements [35, 37]. MCDM
models are essential tools in optimizing facility location in healthcare logistics. They
provide a structured approach to evaluate multiple criteria, incorporate stakeholder
preferences, and ensure that the chosen location meets various essential requirements.
By using methods such as FITradeoff [92], ELECTRE I [9], Data Envelopment Analysis
(DEA) [105], Geographic Information System (GIS) [47], and Analytic Hierarchy Process
(AHP) [147], decision-makers can make informed and balanced decisions that enhance
the efficiency and effectiveness of healthcare logistics.

Advanced approaches, such as those incorporating GIS, provide visual and analytical
tools for facility location optimization. GIS-based models enable spatial analysis of
demographic data, transportation networks, and service coverage, allowing planners
to make data-driven decisions [64,79,236]. Additionally, the integration of stochastic
models addresses uncertainties in demand, travel times, and resource availability, making
them particularly valuable in dynamic healthcare environments [28, 97].

Equity is increasingly recognized as a critical criterion in facility location plan-
ning [265]. Ensuring that underserved populations have equitable access to healthcare
services requires models that prioritize fairness alongside efficiency. For instance, in-
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corporating equity constraints into location models helps ensure that vulnerable groups,
such as low-income populations or those in remote areas, are not disproportionately
disadvantaged [198].

Despite these advancements, several challenges persist in optimizing facility loca-
tions [7]. Data limitations, such as inaccurate demand forecasts or incomplete demographic
information, can undermine the effectiveness of location models. Moreover, political and
economic constraints often influence decision-making, sometimes resulting in subopti-
mal placements. Addressing these barriers requires collaboration among stakeholders,
robust data collection efforts, and the adoption of flexible, adaptive models capable of
accommodating changing conditions.

In conclusion, facility location is a fundamental aspect of healthcare logistics, directly
impacting the accessibility, efficiency, and equity of healthcare delivery [13]. Multicriteria
models and advanced analytical tools offer valuable frameworks for optimizing facility
placement, but their success hinges on addressing data limitations, fostering stakeholder
collaboration, and integrating equity considerations. As healthcare demands continue to
evolve, future research should prioritize the development of more dynamic, inclusive,
and data-driven approaches to facility location planning.

2.3 Resource Allocation

In this section, we present the complexities of resource allocation in healthcare, such
as staffing, equipment, and budget distribution. We discuss multicriteria strategies
for optimizing resource use under constraints like budget and patient care quality.
The allocation of resources in healthcare is an inherently complex and multifaceted
process that involves the distribution of limited resources such as staffing, medical
equipment, and budgetary funds to meet the ever-growing demands for healthcare
services [43, 46]. The challenge lies in balancing operational efficiency, equitable access,
and high-quality patient care. Staffing allocation, for example, requires aligning workforce
availability with patient demand while also considering factors such as skill mix, employee
satisfaction, and compliance with labor regulations [99]. Inefficient staffing can result
in overburdened healthcare workers, higher burnout rates, and compromised patient
outcomes, emphasizing the need for robust and adaptive scheduling systems.

Equipment allocation is another critical component, particularly for high-demand and
expensive technologies such as diagnostic imaging machines, ventilators, and surgical
instruments. The uneven geographic distribution of these resources can create disparities
in healthcare access, especially in underserved or rural areas [128]. Allocation strategies
often incorporate predictive models to anticipate demand patterns and ensure optimal
utilization of equipment. For instance, queueing theory and simulation models have been
applied to reduce waiting times and improve throughput in radiology departments [144].

Budget distribution represents a third pillar of resource allocation, requiring decision-
makers to prioritize competing needs within financial constraints. Investments must be
directed toward infrastructure, personnel, and technology in ways that maximize return
on investment and align with broader health policy objectives [217]. Budgetary decisions
are further complicated by uncertainties in healthcare demand, inflation, and changes in
policy or reimbursement structures. Multicriteria decision-making models have proven
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instrumental in navigating these complexities, allowing administrators to evaluate trade-
offs between cost efficiency, patient satisfaction, and clinical outcomes [29,134,187,249].

Multicriteria optimization approaches are widely applied to address resource alloca-
tion challenges in healthcare [71]. Linear programming, for instance, has been utilized to
allocate operating room time across different surgical specialties, maximizing utiliza-
tion while minimizing delays [68]. Heuristic algorithms and artificial intelligence are
increasingly employed to solve more complex, non-linear allocation problems, enabling
real-time adjustments to resource plans to accommodate sudden changes, such as staff
absences or surges in patient volume. Additionally, game theory models have been
explored to resolve conflicts in resource allocation, such as disputes over limited funding
among departments, by promoting cooperative and equitable solutions [196]. Multi-
criteria optimization approaches are extensively applied to address resource allocation
challenges in healthcare due to their ability to consider multiple objectives and constraints
simultaneously. In the personnel allocation problem, multicriteria optimization models,
such as those using mixed integer programming and weighted-sum approaches, have
been applied to allocate personnel in healthcare services. These models help in balancing
different objectives, such as cost, efficiency, and service quality, by adjusting problem
parameters and using tools like AMPL and CPLEX [254, 255]. In hospital settings,
dynamic resource allocation is crucial due to the stochastic nature of patient arrivals
and treatment processes. Multiobjective Evolutionary Data Analysis (EDA) has been
used to optimize strategies for resource allocation, making the solutions understandable
and applicable in real-world scenarios [151]. Utility functions (UF) have been employed
in hospital case-mix planning to distribute resources among different operating units.
This approach helps in evaluating trade-offs between different stakeholders’ objectives
and provides a better capacity allocation [65]. Multiobjective simulation optimization
models, integrating techniques like non-dominated sorting particle swarm optimization
(NSPSO) and multicriteria computing budget allocation (MOCBA), have been developed
to optimize resource allocation in emergency departments. These models aim to mini-
mize patient length of stay and resource wastage [74]. Multicriteria decision analysis
(MCDA) is used to prioritize healthcare interventions by considering various criteria
such as health outcomes, cost-effectiveness, and equity. This approach helps in making
transparent and rational decisions for resource allocation [44, 134]. A framework based
on MCDA has been developed to improve reimbursement prioritization for rare diseases.
This framework considers multiple criteria, including effectiveness, disease severity,
and economic considerations, to ensure equitable and transparent decision-making [2].
Multiobjective planning methods have been used to construct patient allocation models
during major epidemics. These models consider factors like illness severity, hospital
level, and resource fairness to generate balanced and effective allocation schemes [293].
These multicriteria optimization approaches provide robust frameworks for addressing
the complex and dynamic nature of resource allocation in healthcare, ensuring that
multiple objectives and constraints are effectively balanced.

One of the most significant challenges in resource allocation is ensuring equity.
Resource distribution must account for not only efficiency but also fairness, ensuring
that vulnerable populations, such as those in low-income or remote communities, have
equitable access to healthcare services. Equity-focused models, including those that
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incorporate social determinants of health, have been developed to prioritize resource
allocation for underserved groups while maintaining overall system performance [63,
134,186,193].

Technological advancements, particularly in data analytics and artificial intelligence,
are revolutionizing resource allocation practices. Predictive analytics utilizes historical
and real-time data to forecast future resource needs, while AI-driven decision support
systems optimize resource allocation under complex and dynamic conditions [168].
Digital twins, i.e., virtual replicas of healthcare systems, provide a novel platform for
simulating different allocation scenarios, enabling administrators to test strategies and
evaluate their impact before implementation [1, 114, 283].

Despite these innovations, barriers such as data silos, organizational resistance, and
ethical considerations often impede effective resource allocation. Overcoming these
challenges requires collaboration among stakeholders, the establishment of robust data
governance frameworks, and the development of policies that align resource allocation
with ethical principles and public health goals.

In conclusion, resource allocation in healthcare requires navigating complex trade-
offs between efficiency, equity, and quality, all within the constraints of budgets and
fluctuating demand. Multicriteria strategies, supported by advanced technologies, provide
powerful tools for optimizing resource use. However, their success depends on addressing
systemic barriers and ensuring that ethical and equity considerations remain central to
the decision-making process.

2.4 Inventory Management

In this section, we detail the logistics of managing medical inventories, including
pharmaceuticals, medical supplies, and personal protective equipment (PPE). We analyze
multicriteria decision-making approaches to minimize stockouts while controlling costs.
Effective inventory management in healthcare is essential to ensuring the continuous
availability of critical items, such as pharmaceuticals, medical supplies, and PPE. Proper
logistics for managing these inventories directly influence patient care quality, operational
efficiency, and cost control. The inherent complexity lies in balancing competing
objectives, such as minimizing stockouts, controlling costs, and maintaining an adequate
supply of critical resources amid fluctuating demand.

Pharmaceutical inventory management, in particular, requires precision, as shortages
can have severe consequences for patient outcomes [10, 233]. Inventory policies for
pharmaceuticals often utilize forecasting models to predict demand based on historical
consumption patterns, seasonality, and emerging health trends [145]. Techniques such as
just-in-time (JIT) inventory are widely applied to reduce holding costs while ensuring
timely availability [185]. However, this approach necessitates robust supply chain
coordination and contingency planning to mitigate potential disruptions [72, 125].

Medical supplies, including consumables such as syringes, gloves, and bandages,
require efficient tracking and replenishment systems to prevent waste due to expiration
or obsolescence. Automated inventory systems, integrated with hospital information
systems, enable real-time tracking of stock levels and usage rates, providing actionable
insights for procurement decisions [182]. Additionally, the integration of barcode or RFID
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(Radio Frequency Identification) technology further improves accuracy and efficiency in
inventory management processes.

PPE inventory management has gained significant attention, particularly during
global health crises like the COVID-19 pandemic [141]. Ensuring an adequate supply
of masks, gowns, and gloves while managing sudden surges in demand requires agile
and scalable inventory strategies. Multicriteria decision-making models, such as the
Analytical Hierarchy Process (AHP) and fuzzy logic, have been employed to prioritize
procurement and distribution based on factors like demand urgency, supplier reliability,
and cost [78].

Minimizing stockouts while controlling costs is a primary objective in healthcare
inventory management [251]. Stockouts not only disrupt operations but also compromise
patient safety. Techniques such as Economic Order Quantity (EOQ) and ABC analysis
are used to categorize inventory items based on their criticality and consumption value,
allowing personalized management strategies [137]. For example, high-value and high-
priority items are closely monitored and ordered in smaller, more frequent batches to
ensure availability, whereas low-priority items are managed with less frequent restocking.

The use of multicriteria decision-making approaches has proven effective in op-
timizing inventory management. Linear programming models, for example, enable
healthcare facilities to allocate budgetary resources efficiently across diverse inventory
categories, ensuring a balance between cost and availability [217]. Stochastic models
address uncertainties in demand and supply, allowing for dynamic adjustments to in-
ventory policies as conditions evolve [155]. Furthermore, machine learning algorithms
are increasingly employed to predict demand patterns and optimize inventory levels in
real time, significantly enhancing decision-making capabilities [10, 205]. Multicriteria
decision-making (MCDM) approaches have proven effective in optimizing inventory
management by addressing the complexity and conflicting criteria inherent in inventory
control. Inventory management involves various conflicting objectives, such as minimiz-
ing costs while maximizing service levels. MCDM approaches help in balancing these
objectives by considering multiple criteria simultaneously [118,171,256]. Traditional
inventory management methods often focus on a single criterion like cost or demand,
which do not fully capture the complexity of modern supply chains. MCDM methods, on
the other hand, incorporate multiple criteria, making them more robust and comprehen-
sive [225, 240]. Combining MCDM with machine learning techniques can significantly
improve inventory management decisions. For instance, a hybrid framework using fuzzy
logic, AHP, and VIKOR for SKU ranking, followed by ML models for demand forecasting,
has shown improved accuracy and decision-making agility [222]. The integration of
MCDM with optimization algorithms, such as the MOPSO algorithm combined with
TOPSIS, helps generate diverse and superior solutions for inventory control problems,
catering to various decision-maker preferences [118]. In the pharmaceutical sector,
a three-phase hybrid approach using MCDM techniques and data analytics has been
proposed to optimize inventory management. This approach includes process character-
ization, multicriteria ABC classification, and the application of forecasting models to
establish reorder points [164]. A study on multi-echelon inventory systems in the public
sector demonstrated the effectiveness of MCDM methods in selecting the best inventory
policies, taking into account the costs and responsiveness of the supply chain [257].
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Effective inventory management requires collaboration among various stakeholders.
MCDM approaches facilitate better communication and decision-making by involving
different areas of the company and considering their inputs [225]. A distributed inventory
control approach using MCDM techniques can improve the performance of logistics
processes by ensuring that decisions are well-communicated and agreed upon by all
stakeholders involved [225]. In the health sector, MCDM methods have been used to
classify and manage inventory more effectively, ensuring the availability of critical
supplies while optimizing costs [32]. MCDM approaches are essential for optimizing
inventory management in today’s complex and dynamic business environments. By
considering multiple criteria and integrating advanced techniques, these methods enhance
decision-making, improve accuracy, and ensure better alignment with organizational
goals and stakeholder needs. The practical applications and case studies highlight the
versatility and effectiveness of MCDM in various industries, making it a valuable tool
for inventory optimization.

Despite advancements, inventory management in healthcare continues to face sev-
eral challenges. Supply chain disruptions, inaccurate demand forecasts, and a lack of
interoperability between inventory and procurement systems often result in inefficien-
cies. Overcoming these issues requires investment in advanced technologies, such as
blockchain for traceability and AI-driven analytics for demand forecasting [93, 158, 241].
Additionally, collaborative partnerships between healthcare providers, suppliers, and
policymakers are essential for building resilient supply chains capable of withstanding
disruptions.

In conclusion, effective inventory management is a cornerstone of healthcare logistics,
ensuring the timely availability of essential resources while maintaining cost control.
Multicriteria decision-making models, supported by advanced technologies, provide
robust solutions to address the complexities of managing medical inventories. However,
the success of these strategies relies on continuous innovation, stakeholder collaboration,
and a commitment to developing adaptive and resilient inventory systems.

2.5 Supply Chain Management

In this section, we examine the healthcare supply chain, including procurement, transporta-
tion, and distribution. We also focus on multicriteria optimization to balance efficiency,
responsiveness, and cost-effectiveness. Supply chain management in healthcare is a
critical function that ensures the availability and timely delivery of essential medical re-
sources, such as pharmaceuticals, medical equipment, and consumables [117]. It involves
several interrelated activities, such as procurement, transportation, and distribution, all
of which must be meticulously coordinated to achieve efficiency, responsiveness, and
cost-effectiveness. The unique characteristics of healthcare, including unpredictable
demand patterns, stringent regulatory requirements, and the critical nature of resources,
make supply chain management both complex and indispensable to patient care.

Procurement in healthcare supply chains involves the strategic sourcing of materials
and services to meet the operational requirements of healthcare providers. Supplier
selection is a critical aspect of procurement, where multicriteria decision-making
approaches are often employed to evaluate factors such as cost, quality, reliability, and
delivery lead times. For instance, the Analytical Hierarchy Process (AHP) has been
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widely used to prioritize suppliers based on their ability to meet these criteria [52].
Moreover, fostering long-term partnerships with suppliers, supported by contracts that
ensure accountability and compliance, is essential for maintaining a resilient supply
chain [183].

Transportation is another essential component of healthcare supply chains. The timely
and secure delivery of medical supplies, particularly temperature-sensitive items like
vaccines and biologics, requires specialized logistics solutions. Cold chain logistics,
which utilize temperature-controlled transportation and storage systems, are crucial for
maintaining the efficacy of sensitive pharmaceuticals [103]. Multimodal transportation
strategies, combining road, air, and rail, are frequently employed to enhance reach and
responsiveness while optimizing costs. Additionally, advanced tracking systems utilizing
IoT and GPS technologies have significantly improved the transparency and efficiency of
transportation processes [262].

Distribution, the final link in the healthcare supply chain, focuses on delivering
resources to end-users, such as hospitals, clinics, and pharmacies. Efficient inventory
management systems, including automated replenishment and real-time stock tracking,
are essential for ensuring resource availability while minimizing overstock and waste.
Distribution networks are increasingly adopting hub-and-spoke models to optimize
storage and delivery routes, particularly in regions with dispersed populations [125].
During emergencies, agile distribution strategies are crucial for swiftly reallocating
resources and ensuring continuity of care.

Multicriteria optimization plays a crucial role in balancing efficiency, responsiveness,
and cost-effectiveness across the supply chain. Optimization models often incorporate
techniques such as linear programming, heuristic algorithms, and simulation to address
complex trade-offs. For example, minimizing transportation costs must be balanced
with the need for rapid response times, particularly during emergencies or pandemics.
Furthermore, stochastic models account for uncertainties in demand and supply, enabling
supply chain planners to develop robust and adaptive solutions [155]. Multicriteria
optimization is essential in balancing efficiency, responsiveness, and cost-effectiveness
in the healthcare supply chain. This approach involves considering multiple conflicting
objectives to enhance overall supply chain performance. Techniques like the Multiobjec-
tive Gray Wolf Optimizer (MOGWO), Non-Dominated Sorting Genetic Algorithm II
(NSGA-II), and Multiobjective Differential Evolution Algorithm (MODEA) are employed
to generate high-quality Pareto solutions [18, 162]. The epsilon constraint method helps
in understanding trade-offs between different objectives, such as cost and environmental
impact [42]. Optimization models have been applied to pharmaceutical supply chains to
demonstrate their efficacy in real-life contexts, balancing cost, environmental impact, and
service levels [18,42,162]. Models have been developed to optimize drug purchasing
and distribution in hospitals, integrating financial and logistical decisions to maximize
performance [173]. A generalized network optimization model has been developed for
the blood supply chain, addressing critical issues like optimal allocations and supply-side
risks [209]. Multicriteria optimization in healthcare supply chains involves balancing vari-
ous objectives to achieve efficiency, responsiveness, and cost-effectiveness. By employing
advanced optimization techniques and integrating modern technologies, healthcare orga-
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nizations can enhance their supply chain performance, ultimately improving patient care
and operational efficiency.

Technological advancements are revolutionizing healthcare supply chain management.
Blockchain technology is increasingly being adopted to enhance transparency, traceability,
and security in procurement and transportation processes [275]. Artificial intelligence
and machine learning enable predictive analytics to forecast demand patterns, optimize
inventory levels, and improve decision-making. Additionally, digital twins (virtual
simulations of supply chains) provide a powerful tool for testing and refining strategies
before their real-world implementation [114]. The integration of technologies such as IoT,
AI, and blockchain can enhance supply chain performance by improving data accuracy,
reducing errors, and optimizing resource distribution [219,253].

Despite these advancements, challenges persist in optimizing healthcare supply
chains. Fragmentation among supply chain actors, a lack of standardization, and limited
data sharing often hinder coordination and efficiency. Regulatory compliance, particularly
in cross-border transportation of medical goods, adds another layer of complexity. Over-
coming these challenges requires collaborative efforts among stakeholders, investments
in advanced technologies, and the establishment of governance frameworks that promote
interoperability and transparency.

In conclusion, effective supply chain management in healthcare is crucial for ensuring
timely access to critical resources, optimizing operational costs, and improving patient
outcomes. By using multicriteria optimization and advanced technologies, healthcare
supply chains can become more resilient, responsive, and efficient. Future research should
prioritize integrating innovative solutions, such as AI and blockchain, with traditional
supply chain practices to address emerging challenges and support sustainable healthcare
delivery.

2.6 Routing

In this section, we analyze the challenges in healthcare-related routing problems, such
as emergency vehicle routing [82] and medical supply delivery [272]. We also discuss
how multicriteria decision-making can enhance routing efficiency and responsiveness.
Routing in healthcare logistics is a critical operational area that significantly affects
patient outcomes and service delivery efficiency [282]. Challenges in healthcare-related
routing span various aspects, including emergency vehicle routing and medical supply
delivery [149, 177]. These problems are often complicated by factors such as time
constraints, geographic barriers, traffic conditions, and unpredictable demand patterns [34,
194,266]. Tackling these challenges requires innovative strategies and robust decision-
making frameworks that optimize both efficiency and responsiveness.

Emergency vehicle routing presents a unique set of challenges due to the urgent
nature of the services provided. Ambulances and other emergency vehicles must navigate
urban traffic congestion, respond to unpredictable demand spikes, and optimize routes
to minimize response and transport times. Geographic Information Systems (GIS) and
real-time traffic data have become indispensable tools for improving routing efficiency in
emergency services [57]. Dynamic routing models that incorporate real-time updates on
traffic conditions and road closures can significantly reduce response times and improve
patient survival rates [139, 176]. Additionally, these systems must address equity in
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service delivery, ensuring that underserved areas are not disproportionately impacted by
routing decisions [238].

Medical supply delivery routing presents unique challenges, particularly when
handling temperature-sensitive items like vaccines and biologics. Maintaining the cold
chain during transport requires carefully planned routes that minimize travel time and
avoid disruptions. In rural or remote areas, poor infrastructure further complicates
delivery logistics, necessitating innovative solutions such as drone-based deliveries,
which have shown great promise in overcoming accessibility barriers [243]. Furthermore,
fluctuating demand during pandemics or natural disasters can place significant strain
on existing delivery networks, highlighting the need for scalable and flexible routing
systems to ensure uninterrupted supply.

Multicriteria decision-making (MCDM) approaches play a crucial role in improving
routing efficiency and responsiveness. These methods integrate multiple objectives, such
as minimizing travel time, reducing fuel costs, ensuring equitable service distribution,
and adhering to regulatory constraints. For instance, the Analytical Hierarchy Process
(AHP) and Multiobjective Optimization (MOO) are widely used to evaluate and prioritize
competing routing objectives, allowing decision-makers to select optimal solutions
that balance efficiency and equity [294]. Additionally, stochastic models enhance these
approaches by accounting for uncertainties in demand and environmental conditions,
making them particularly effective in dynamic and unpredictable scenarios [139].

Advanced technologies, such as artificial intelligence (AI) and machine learning
(ML), are revolutionizing healthcare routing by enabling predictive and adaptive systems.
AI-driven algorithms can analyze historical data and real-time inputs to predict demand
hotspots, optimize route planning, and dynamically adjust schedules. For example,
reinforcement learning has been employed to develop self-optimizing routing systems
that continuously improve through feedback [276]. Furthermore, the integration of
Internet of Things (IoT) devices facilitates real-time monitoring of vehicle performance
and environmental conditions, ensuring that routing decisions remain adaptive and
data-driven [11, 53, 230].

Despite these advancements, several challenges persist in optimizing healthcare
routing. Data fragmentation, limited interoperability among systems, and the high
costs associated with implementing advanced technologies remain significant barriers.
Additionally, ethical considerations, such as ensuring equitable access to emergency
services and minimizing the environmental impact of routing decisions, require careful
attention. Overcoming these challenges demands collaborative efforts among healthcare
providers, policymakers, and technology developers to create integrated, scalable, and
sustainable routing solutions.

In conclusion, routing in healthcare logistics is a complex yet critical domain that
demands a balance between efficiency, responsiveness, and equity. Multicriteria decision-
making frameworks and advanced technologies provide powerful tools to tackle the
inherent challenges of healthcare-related routing problems. Future research should
prioritize integrating emerging technologies, such as AI and IoT, with traditional MCDM
approaches to develop adaptive and resilient routing systems capable of addressing
evolving healthcare needs.
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3 Multicriteria Decision-Making in Healthcare Logistics

Healthcare logistics involves the intricate management of resources, processes, and
operations to deliver high-quality care to patients efficiently and sustainably. Multicriteria
decision-making (MCDM) has emerged as a critical approach for addressing the multi-
faceted challenges inherent in healthcare logistics, where diverse and often conflicting
objectives must be balanced. Unlike traditional decision-making methods that typically
focus on a single criterion, such as cost or efficiency, MCDM integrates multiple perfor-
mance criteria, including patient satisfaction, cost-effectiveness, operational efficiency,
and equity in resource allocation. Given the dynamic nature of the healthcare sector
and its critical importance to human well-being, decision-making frameworks must
comprehensively address these interdependencies [23, 45, 102].

In healthcare logistics, MCDM is particularly valuable for optimizing systems such as
supply chain management, resource allocation, facility location, inventory management,
and routing. Each of these domains requires balancing trade-offs between key performance
indicators, such as minimizing costs while maximizing service levels or ensuring
accessibility while maintaining operational feasibility [125]. Additionally, the integration
of advanced computational models and artificial intelligence has significantly enhanced
the applicability of MCDM by enabling decision-makers to analyze large datasets, model
complex systems, and generate actionable insights. By incorporating diverse perspectives
from stakeholders, including patients, healthcare providers, and policymakers, MCDM
frameworks provide a holistic approach to addressing the multifaceted challenges of
healthcare logistics.

The following subsections explore specific aspects of MCDM in healthcare logistics.
Section 3.1 discusses the key metrics used to evaluate healthcare operations. Section 3.2
examines the relationships and trade-offs between these metrics. Finally, Section 3.3
explores how advanced models and methodologies are applied to achieve optimal
outcomes. Together, these discussions underscore the critical role of MCDM in advancing
healthcare logistics and ensuring the sustainability of healthcare systems.

3.1 Performance Criteria of Operational Healthcare

The operational performance of healthcare systems is evaluated using a range of criteria
that measure efficiency, quality, accessibility, and sustainability. These criteria serve as
essential benchmarks to ensure that healthcare logistics meet the dual objectives of patient
satisfaction and cost-effectiveness while addressing broader societal and organizational
goals. Multicriteria decision-making (MCDM) methodologies utilize these performance
metrics to guide optimization processes and support evidence-based decision-making.
The primary performance criteria for operational healthcare can be broadly categorized
into efficiency metrics, patient-centric measures, financial performance, and equity
considerations.

Efficiency in healthcare operations typically emphasizes resource utilization, through-
put, and timeliness. Key metrics include bed occupancy rates, the average length of
stay (ALOS), patient flow in emergency departments (EDs), and operating room ef-
ficiency [130]. High efficiency ensures optimal utilization of resources such as staff,
facilities, and equipment, minimizing bottlenecks and waste. For example, reducing
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patient wait times in EDs directly impacts both resource efficiency and patient satis-
faction [14, 250]. Similarly, metrics such as operating room turnover rates [188] and
the scheduling efficiency of diagnostic equipment [161,210] are critical for measuring
operational productivity.

Healthcare operations are inherently patient-focused, with criteria such as patient
satisfaction, clinical outcomes, and continuity of care serving as critical indicators
of success. Surveys measuring patient satisfaction often assess experiences related to
wait times, communication with healthcare providers, and overall care quality [224].
Clinical outcomes, including readmission rates, infection rates, and survival rates, provide
quantitative measures of care quality. Furthermore, continuity of care, which emphasizes
coordinated services and consistent follow-ups, fosters long-term patient engagement
and enhances healthcare outcomes [271].

Economic sustainability is a critical dimension of healthcare logistics. Metrics such as
cost per patient, cost per diagnosis, and the cost-effectiveness of treatments are commonly
used to evaluate financial performance [121, 127, 286]. These measures help identify
opportunities to reallocate resources, maximizing value without compromising care
quality. Cost minimization strategies often focus on reducing operational inefficiencies,
such as excessive diagnostic testing or redundant administrative procedures, while
maintaining high patient care standards.

Equity in healthcare operations ensures that services are accessible to diverse
populations, regardless of socioeconomic, geographic, or demographic disparities [60,
211]. Metrics such as geographic accessibility, measured by average travel time to
healthcare facilities, and socioeconomic accessibility, reflected in insurance coverage and
affordability, are commonly used to evaluate equity [113]. Equity-focused metrics are
particularly crucial in public health settings, where the equitable distribution of resources
is essential to ensuring that vulnerable populations receive adequate care [76, 140].

In recent years, the sustainability of healthcare logistics has emerged as a critical
performance criterion [150]. Metrics such as carbon footprint per patient, energy
consumption of facilities, and waste management efficiency are increasingly being
integrated into operational assessments [24, 27, 180]. Sustainability-oriented strategies,
including green supply chains and energy-efficient facility design, play a pivotal role in
enhancing the long-term viability of healthcare systems [215].

Resilience, defined as the ability of a healthcare system to adapt to disruptions, is
another critical performance metric [287]. This criterion assesses the system’s capacity to
manage crises such as pandemics, natural disasters, or cyberattacks while maintaining core
functions. Metrics such as recovery time following disruptions, supply chain adaptability,
and surge capacity are commonly used to evaluate resilience [112,152,156,195].

In practice, applying MCDM in healthcare logistics involves a comprehensive eval-
uation of these performance criteria. For instance, the Analytic Hierarchy Process
(AHP) [247] can be utilized to assign relative weights to each criterion based on stake-
holder priorities, facilitating balanced trade-offs between competing objectives. Similarly,
techniques such as Data Envelopment Analysis (DEA) [81] and Goal Programming
(GP) [165] offer structured frameworks for benchmarking performance against predefined
standards and optimizing resource allocation under multiple constraints.
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In conclusion, the performance criteria of operational healthcare reflect the intricate
interplay between efficiency, patient satisfaction, financial viability, equity, sustainability,
and resilience. These metrics serve as the foundation for MCDM frameworks, providing
a structured approach to optimizing healthcare logistics and ensuring that systems remain
responsive to evolving demands. Future research should prioritize the integration of
real-time data analytics and advanced simulation tools to enhance the adaptability and
precision of performance evaluations in dynamic healthcare environments.

3.2 Interconnectedness between Performance Criteria

The interconnectedness between performance criteria in operational healthcare logistics
is a critical factor for effective decision-making and optimization. Healthcare logistics
is inherently multidimensional, with performance criteria such as efficiency, cost-
effectiveness, patient satisfaction, equity, and resilience being deeply interrelated. These
relationships, often characterized by trade-offs and synergies, require careful analysis
to achieve a balance that aligns with organizational and societal goals. Understanding
these interdependencies is vital for implementing robust multicriteria decision-making
(MCDM) frameworks.

Efficiency-focused metrics, such as minimizing patient wait times and optimizing
resource utilization, often conflict with patient-centric measures like individualized care
and satisfaction. For instance, reducing the average length of stay (ALOS) in hospitals
to improve bed turnover might leave patients feeling rushed and dissatisfied with their
care [15,208]. Similarly, in emergency departments (EDs), prioritizing throughput can
compromise the quality of consultations, negatively affecting clinical outcomes and
patient satisfaction [250]. Balancing these objectives requires dynamic scheduling and
simulation-based optimization models that integrate both operational and patient-centric
variables.

Allocating healthcare resources equitably often involves higher costs due to the need
to serve underserved regions or vulnerable populations [258,260]. For example, ensuring
equitable access to healthcare services might require establishing facilities in rural or
low-income areas, where operational costs are higher because of logistical challenges
and lower economies of scale [113]. Conversely, focusing solely on cost minimization
risks exacerbating healthcare disparities. Multicriteria optimization models, such as
Goal Programming (GP), enable decision-makers to assign weights to equity and cost
objectives, facilitating a balanced allocation of resources [215].

The resilience of healthcare systems, particularly their ability to adapt to disruptions
such as pandemics or natural disasters, often aligns with sustainability goals [31, 122,
228,295]. For instance, investing in robust supply chains with diversified sourcing not
only enhances resilience but also supports sustainability by promoting local suppliers
and reducing carbon footprints [156]. Similarly, designing healthcare facilities with
energy-efficient infrastructure contributes to both long-term resilience and environmental
sustainability [268]. However, these synergies must be carefully evaluated within the
context of budgetary constraints, as achieving both goals simultaneously may require
substantial upfront investments.

Improving accessibility to healthcare services can significantly enhance clinical
outcomes by enabling timely diagnosis and treatment. Metrics such as average travel time
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to healthcare facilities and appointment availability are strongly correlated with reduced
mortality rates and improved chronic disease management [271]. However, increasing
accessibility often requires service expansion, which can strain existing resources and
affect operational efficiency. Techniques like the Analytic Network Process (ANP) are
particularly effective for modeling such interdependencies, as they account for the
bidirectional relationships between performance criteria [191, 247, 248].

The interconnectedness of performance criteria is further complicated by the involve-
ment of multiple stakeholders, including patients, healthcare providers, policymakers,
and administrators. Each group prioritizes different criteria based on their objectives.
For example, patients may emphasize satisfaction and equity, while administrators
might focus on cost efficiency and regulatory compliance. Multicriteria decision-making
frameworks, such as ELECTRE [110,111,124] and TOPSIS [48,218], are invaluable for
aggregating these diverse preferences into a cohesive decision model, ensuring that all
stakeholder priorities are adequately represented [125].

Healthcare systems are dynamic, with changes in one performance criterion often
triggering feedback loops that impact others. For instance, improving patient satisfaction
through better staffing ratios might initially increase costs but could result in long-term
savings by reducing readmissions and malpractice claims [121, 127, 286]. Similarly,
investments in technological infrastructure to enhance operational efficiency often yield
cascading benefits, such as improved data analytics capabilities that support better
resource allocation and patient care.

In summary, the interconnectedness between performance criteria in healthcare
logistics underscores the importance of integrated decision-making approaches that
account for the systemic impact of optimizing one metric on others. Advanced compu-
tational models and simulation-based methodologies are essential for capturing these
relationships and generating actionable insights. As healthcare systems grow increas-
ingly complex, understanding and managing these interdependencies will be critical to
achieving sustainable and equitable healthcare outcomes.

3.3 Optimization from a Multicriteria Viewpoint

Optimization in healthcare logistics from a multicriteria perspective involves addressing
the complex interplay of multiple, often conflicting objectives to achieve the best possible
outcomes. Healthcare systems operate within intricate environments that require trade-
offs among efficiency, cost, equity, resilience, and patient satisfaction. Multicriteria
decision-making (MCDM) provides a systematic framework for navigating these trade-
offs by employing advanced optimization models [71, 120, 143]. These models integrate
diverse objectives into a unified decision-making process, balancing competing demands
while accounting for operational constraints.

There are several needs for multicriteria optimization in healthcare logistics. Health-
care logistics encompasses diverse tasks, including facility location planning, inventory
management, patient flow optimization, and resource allocation. Each of these functions
has unique performance criteria that require optimization. For example, facility location
models aim to maximize patient accessibility while minimizing transportation costs and
operational expenses [13, 106, 108]. Similarly, resource allocation models must balance
cost-efficiency with equity in healthcare service delivery. Multicriteria optimization
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frameworks address these competing objectives, prioritizing solutions that achieve a
balance aligned with organizational goals. The need for multicriteria optimization in
healthcare logistics arises from the diverse and often conflicting objectives that healthcare
systems must address. Traditional single-objective optimization methods fail to capture
the complexity of healthcare logistics, where trade-offs between competing criteria are
unavoidable. Multicriteria optimization frameworks enable decision-makers to evaluate
these trade-offs systematically and prioritize solutions aligned with organizational and
societal goals. These frameworks also accommodate the involvement of multiple stake-
holders, including patients, providers, and policymakers, each with unique priorities and
perspectives [125].

Several optimization techniques are widely used in healthcare logistics to address the
complexities of MCDM:

– Pareto Optimization: This approach identifies a set of Pareto-optimal solutions where
improving one objective cannot occur without compromising another. Pareto frontiers
are particularly valuable in healthcare logistics for visualizing trade-offs, such as
balancing cost against patient satisfaction or timeliness against equity [89, 160].

– Weighted Sum Models (WSM): WSM assigns weights to different criteria based
on their relative importance and aggregates them into a single objective function.
This technique is widely used in problems such as staff rostering and inventory
management, where explicit trade-offs between costs and service levels need to be
addressed [29, 120].

– Goal Programming (GP): GP extends linear programming to address multiple,
potentially conflicting objectives by establishing target goals for each criterion. This
approach is particularly effective for resource allocation problems in hospitals, where
specific benchmarks, such as patient wait times, staff satisfaction, and operational
costs, must be achieved [166,213,244,259].

– Analytic Hierarchy Process (AHP) and Analytic Network Process (ANP): These
techniques utilize hierarchical or network structures to model complex decision-
making problems. AHP is commonly applied in facility location decisions, helping
to rank potential sites based on criteria such as accessibility, cost, and capacity [252].
ANP extends this approach by accounting for interdependencies among criteria [248].

Multicriteria optimization has been applied successfully across various domains in
healthcare logistics:

– Emergency Medical Services (EMS): The routing of emergency vehicles is optimized
using multiobjective models that balance criteria such as response time, fuel
consumption, and route reliability. These models frequently integrate Geographic
Information Systems (GIS) for spatial data analysis and decision support [101, 169,
179].

– Hospital Resource Allocation: Hospitals utilize multicriteria optimization to address
challenges such as scheduling operating rooms, assigning nursing staff, and allocating
intensive care unit (ICU) beds. For instance, a recent study applied goal programming
to balance the allocation of ICU beds between COVID-19 and non-COVID-19 patients
while minimizing resource wastage [21, 172, 291].
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– Healthcare Supply Chain Management: Multicriteria optimization in healthcare
supply chains addresses key factors such as inventory levels, transportation costs,
and lead times [184]. Techniques like mixed-integer linear programming (MILP)
have been applied to optimize the distribution of vaccines under conditions of
uncertainty [77, 84, 88, 96].

Despite its benefits, multicriteria optimization in healthcare logistics faces several
significant challenges. The dynamic and stochastic nature of healthcare systems intro-
duces uncertainty into decision-making. For instance, demand for emergency services
or ICU beds can fluctuate unpredictably, complicating the development of static opti-
mization models. Additionally, the involvement of multiple stakeholders with divergent
priorities makes assigning weights to criteria more complex. Furthermore, computational
complexity increases as the number of criteria and constraints grows, necessitating the
use of advanced algorithms and high-performance computing resources.

Emerging technologies, such as artificial intelligence (AI) and machine learning
(ML), are transforming multicriteria optimization by enabling real-time decision-making
and adaptability [231, 263]. For example, reinforcement learning models are being used
to dynamically allocate resources in response to changing demand patterns, while deep
learning algorithms enhance the predictive accuracy of demand forecasting models [4,30,
226,245]. These advancements hold significant potential to address traditional challenges
in healthcare logistics and deliver more robust optimization solutions.

Future research in multicriteria optimization should prioritize integrating advanced
simulation techniques and real-time data analytics to enhance decision-making preci-
sion. The adoption of digital twins (virtual replicas of healthcare systems) can enable
scenario testing and optimization under simulated conditions [1, 83]. Moreover, ethical
considerations, such as prioritizing patient equity and environmental sustainability as
core objectives, should be emphasized in future optimization frameworks.

In conclusion, multicriteria optimization is a cornerstone of effective decision-making
in healthcare logistics. By using advanced techniques such as Pareto optimization, goal
programming, and artificial intelligence, healthcare systems can navigate complex trade-
offs among competing objectives to deliver high-quality, equitable, and cost-efficient
services. However, addressing challenges related to uncertainty, stakeholder diversity,
and computational complexity will be essential for the continued advancement of this
field.

4 Integration of OR tools in Healthcare IT and Interoperability

In this section, we explore the role of IT infrastructure in healthcare logistics. We highlight
the importance of interoperability among various healthcare systems to ensure seamless
communication and efficient data sharing. Additionally, we discuss the challenges
associated with integrating logistics operations with electronic health records (EHRs) and
other healthcare IT systems. This section addresses the horizontal integration between OR
tools and Healthcare Information Technology (HIT), emphasizing how interoperability
across digital systems enables data-driven coordination and real-time decision support in
healthcare logistics.
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The integration of OR tools into healthcare IT plays a fundamental role in enhancing
the efficiency, responsiveness, and decision-making processes in healthcare logistics.
OR tools, such as optimization algorithms and simulation models, significantly improve
the efficiency of healthcare logistics by optimizing resource allocation, scheduling,
and inventory management [38, 279, 296]. Digital platforms and real-time tracking
systems enhance operational efficiency by providing accurate and timely information,
which is crucial for effective decision-making [5, 39]. The use of OR techniques
in HIT allows for agile responses to dynamic demands in healthcare logistics. This
includes better management of patient flow, emergency services, and supply chain
disruptions [39, 104, 190]. Real-time data analytics and predictive modeling enable
healthcare providers to anticipate and respond to changes in patient needs and logistical
challenges promptly [174]. The rapid advancements in HIT have led to the adoption of
electronic health records (EHRs), predictive analytics, Internet of Things (IoT)-enabled
monitoring systems, and artificial intelligence (AI)-driven decision support systems.
However, the seamless incorporation of OR tools into HIT remains a challenge due to
interoperability issues, data silos, and the complex nature of healthcare operations. The
successful implementation of OR tools in HIT requires overcoming challenges such as
data privacy, ethical considerations, and the need for collaboration among technologists,
healthcare professionals, and policymakers [174].

Healthcare logistics is a data-intensive field that requires real-time data access,
predictive insights, and robust optimization techniques to manage resources effectively.
OR tools such as mathematical modeling, machine learning, heuristic optimization, and
simulation are critical in optimizing facility location, resource allocation, inventory
management, and supply chain operations. The integration of these tools with healthcare
IT systems ensures that data-driven decisions are made efficiently, reducing costs and
improving patient care quality [135,136,237].

In the following subsections, we discuss the role of interoperability in healthcare
logistics, the application of predictive AI-driven analytics, and the importance of data
management and IoT in enabling seamless communication across diverse healthcare IT
systems.

4.1 Interoperability

Interoperability refers to the ability of healthcare IT systems to communicate, exchange,
and utilize data effectively across different platforms and institutions [181,232,278]. The
seamless flow of information is crucial for optimizing healthcare logistics, improving
patient outcomes, and ensuring efficient resource allocation. Despite advancements in
digital healthcare, achieving full interoperability remains a challenge due to differences
in data standards, regulatory constraints, and fragmented healthcare IT ecosystems [153,
234].

Healthcare IT interoperability faces several persistent challenges that hinder seamless
data exchange and the integration of analytical and optimization tools. One major issue lies
in heterogeneous data standards, as healthcare institutions employ diverse data formats
and communication protocols such as HL7, FHIR (Fast Healthcare Interoperability
Resources), and DICOM, complicating interoperability across systems [50,123,261,267].
Another critical challenge concerns data security and privacy, since healthcare data
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is highly sensitive and must comply with stringent regulations, including the Health
Insurance Portability and Accountability Act (HIPAA) [202,206] and the General Data
Protection Regulation (GDPR) [16,70,116]. Furthermore, many institutions continue
to rely on legacy systems, where outdated IT infrastructures hinder the adoption of
modern interoperable solutions, leading to increased integration costs and technical
complexity [119, 192, 242]. Finally, there is a lack of standardized implementation
of operations research (OR) tools, which depend on structured and real-time data
integration. The coexistence of multiple IT governance frameworks such as COBIT, ITIL,
and ISO/IEC 27002 further complicates organizational decisions, as institutions often
struggle to adapt these standards effectively to their specific operational and strategic
needs [157,214,269].

Several solutions and approaches have been proposed to address interoperability
challenges in healthcare IT. The adoption of standardized data exchange protocols,
particularly the Fast Healthcare Interoperability Resources (FHIR), provides a structured
foundation for consistent and efficient communication between healthcare systems.
To further strengthen data security and reduce interoperability barriers, Blockchain
technology has emerged as a promising solution, offering decentralized and tamper-
resistant mechanisms for secure data sharing [41]. Additionally, cloud-based Healthcare
as a Service (HaaS) platforms facilitate the integration of diverse IT systems, enabling
scalability, accessibility, and real-time decision-making across healthcare networks [58,
200,227]. Complementing these technological advancements, operations research-driven
decision support systems (DSS) enhance interoperability by linking optimization models
and analytical frameworks directly with electronic health records (EHRs) and healthcare
supply chain databases, thereby improving operational efficiency, logistics management,
and data-driven decision-making [131,163,289].

4.2 Predictive AI

Artificial intelligence (AI) is revolutionizing healthcare logistics by enabling predictive
analytics, demand forecasting, and automated decision support systems. AI-driven OR
models enhance decision-making in hospital resource planning, emergency response,
and medical supply chain management [25, 170, 221, 239].

Artificial intelligence (AI) plays a transformative role in enhancing the efficiency,
reliability, and responsiveness of healthcare IT systems. In demand forecasting, machine
learning algorithms are employed to predict patient admission rates, allowing hospitals to
optimize staff allocation and resource utilization [109, 146, 284]. Predictive maintenance
in medical equipment is another critical application, where AI-based predictive analytics
identify potential device failures in advance, ensuring timely maintenance and reducing
costly equipment downtime [159,264]. Furthermore, AI-driven supply chain optimization
utilizes predictive modeling to analyze potential disruptions and facilitate proactive
adjustments in inventory control and distribution networks, enhancing resilience against
uncertainties such as pandemics [78,154]. Lastly, personalized patient scheduling utilizes
AI-assisted optimization to tailor appointment times, minimize waiting periods, and
improve overall hospital workflow efficiency [277].

The adoption of artificial intelligence (AI) in healthcare IT faces several critical
challenges that limit its widespread implementation and effectiveness. One major issue is



A MCDM Perspective on Healthcare Operations, Logistics and IT Interoperability 23

data quality, as AI models depend on large volumes of high-quality, accurately labeled
healthcare data to produce reliable and unbiased predictions [290]. Another concern
involves regulatory and ethical compliance, since AI-driven decision-making must adhere
to healthcare regulations, ensure algorithmic transparency, and mitigate biases that could
negatively impact clinical outcomes [201]. Additionally, computational costs pose a
significant barrier, as deploying AI-enhanced operations research (OR) tools demands
substantial computational power and infrastructure, which can be financially prohibitive
for smaller healthcare institutions [133,203].

Future advancements in healthcare IT are expected to focus on enhancing transparency,
privacy, and automation through the integration of advanced AI paradigms. The adoption
of Explainable AI (XAI) techniques will be essential for improving the interpretability
and trustworthiness of AI-driven decisions in healthcare logistics and operational plan-
ning [40]. Simultaneously, the development of federated learning frameworks will enable
decentralized AI training on distributed healthcare datasets, ensuring model robustness
while maintaining strict data privacy and compliance with regulatory standards [51].
Furthermore, the expansion of AI-driven robotic process automation (RPA) is anticipated
to streamline hospital logistics and administrative workflows, reducing manual effort and
improving overall operational efficiency [67].

4.3 Data Management and IoT

The increasing adoption of IoT in healthcare logistics enables real-time tracking of
medical supplies, remote patient monitoring, and automated data collection. Efficient
data management ensures that healthcare logistics operations remain responsive, scalable,
and cost-effective [167].

The Internet of Things (IoT) plays a pivotal role in transforming healthcare IT by
enabling real-time data collection, monitoring, and decision support across multiple
operational domains. In smart inventory management, IoT sensors continuously track
the status of medical inventories, helping reduce waste, prevent stockouts, and ensure
the timely availability of essential medical supplies [75]. Through real-time patient
monitoring, IoT-enabled wearable devices capture vital physiological data, allowing
healthcare providers to remotely monitor patients with chronic conditions and deliver
timely medical interventions [285]. Additionally, IoT contributes significantly to emer-
gency response optimization, where sensor-driven tracking and communication systems
enhance ambulance routing and coordination, thereby reducing response times and
improving the overall efficiency of emergency medical services [197,204,229].

The implementation of Internet of Things (IoT) technologies in healthcare IT faces
several key challenges that affect their scalability, security, and integration. Scalability
issues arise as healthcare logistics increasingly rely on large-scale IoT networks, de-
manding robust data storage architectures and high-performance analytics frameworks
to manage continuous data streams effectively. Cybersecurity threats represent another
critical concern, since IoT-enabled healthcare systems are particularly vulnerable to cy-
berattacks and data breaches, necessitating the adoption of stringent encryption methods,
authentication protocols, and network security measures. Furthermore, interoperability
with existing IT infrastructures remains a major obstacle, as IoT devices must integrate
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seamlessly with electronic health records (EHRs) and decision support systems to ensure
consistent data exchange, system compatibility, and optimal decision-making efficiency.

Emerging trends in IoT-driven healthcare logistics focus on enhancing responsiveness,
security, and connectivity to support real-time decision-making and data integrity. Edge
computing has gained prominence as a decentralized computing paradigm that processes
data closer to its source, thereby reducing latency and improving the efficiency of real-time
healthcare decisions. To address security and transparency concerns, blockchain-based
frameworks are increasingly being integrated with IoT systems, providing immutable
data records and secure transaction mechanisms that strengthen trust in healthcare data
exchange [175]. Moreover, the advent of 5G-enabled healthcare IoT is revolutionizing
connectivity by offering high-speed, low-latency communication, which facilitates real-
time patient monitoring, predictive analytics, and optimized logistics management across
distributed healthcare networks [26, 270].

The integration of OR tools in healthcare IT plays a crucial role in enhancing logistics
efficiency, predictive decision-making, and seamless interoperability. Overcoming inter-
operability challenges through standardized data exchange, applying AI for predictive
analytics, and utilizing IoT for real-time monitoring will be pivotal in shaping the future
of healthcare logistics. As healthcare systems evolve, the adoption of these advanced
technologies will be necessary to ensure optimal resource utilization, cost containment,
and improved patient care outcomes.

5 Integration Across Different Time Scales and Uncertainty Levels

Building on the discussion in Section 4, which focused on horizontal integration through
interoperability among healthcare IT systems, this section extends the perspective toward
vertical integration across decision horizons. While horizontal integration ensures that
electronic health records (EHRs), asset management, and logistics systems exchange data
seamlessly to support real-time decision making, vertical integration aligns planning and
control across multiple time scales.

We propose a four-level ordering scheme for planning tasks in healthcare logistics:
real-time (H1), operational (H2), tactical (H3), and strategic (H4). Each horizon is
defined by its cadence, decision scope, and uncertainty profile, and by the information it
sends to and receives from adjacent horizons. Here, we extend the classification scheme
of [148] by a real-time component. This scheme helps place problems (e.g., dispatching,
rostering, contracting, network design) at the right level, choose suitable methods, and
make hand-offs explicit so that short-term actions remain aligned with longer-term policy
and design. Table 1 summarizes the horizons and their links.

Healthcare logistics decisions span these four linked horizons. Table 1 summarizes the
decisions, methods, uncertainty treatments, and hand-offs for real-time (H1), operational
(H2), tactical (H3), and strategic (H4) planning. Strategic and tactical layers set capacities,
contracts, buffers, and targets, while operational and real-time layers translate these into
executable schedules and reactive updates. Information flows upward as well: real-time
and operational layers report usage, violations, and stress signals that trigger policy and
design updates.
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Table 1. Planning across time scales (H1–H4) with cadence included per horizon; columns list key
decisions, methods, uncertainty treatment, and hand-offs

Horizon Key decisions Methods Uncertainty
treatment

Hand-offs /
outputs

H1 Real-time
(minutes–
hours)

Dispatching,
micro-
rescheduling, and
rerouting under
arrivals,
no-shows, traffic,
and device
failures.

Rolling-horizon
re-optimization,
learning-
augmented
heuristics, repair
operators, and
fast MILP
subproblems.

Short-term
forecasts with
chance
constraints,
online updates,
and safety filters.

Executable
updates for tours
and slots, KPIs
such as lateness
and cancellations
to H2, and stress
signals to H3.

H2 Operational
(days–weeks)

Rosters,
appointment
books, daily
tours, operating
room and ICU
blocks, and EMS
or home-care
shifts.

Multiobjective
MILP,
matheuristics,
scenario sets, and
chance
constraints.

Scenario- or
chance-based
service-time,
no-show, and
travel variability
with explicit
buffer times.

Schedules and
Pareto sets to H1,
and resource
usage and service
KPIs to H3.

H3 Tactical
(months)

Buffer stocks,
reserve staffing,
vendor contracts,
coverage policies,
and carbon or
green constraints.

Multiobjective
stochastic
programs,
distributionally
robust
optimization, and
bilevel policy
tuning.

DRO for
non-stationary
demand and lead
times, sensitivity
bands, and
contingency
policy sets.

Policy
parameters to H2
(buffers and
caps), risk
budgets and
equity targets to
H2/H1, and
requirements to
H4.

H4 Strategic
(years)

Network design,
facility location,
fleet and
workforce sizing,
and the HIT/
interoperability
roadmap.

Robust location
and network
design,
multi-period
capacity
planning, and
portfolio
decisions.

Deep uncertainty
stress tests for
pandemics,
supply shocks,
and cyber
incidents via
digital twins and
scenario
discovery.

Designs and
capacities to H3,
architectural and
data standards to
H1–H3, and
long-horizon
KPIs (equity and
carbon) for
governance.

Uncertainty changes with the horizon. Real-time control faces short-term variability
such as arrivals, no-shows, traffic, and device failures; rolling-horizon re-optimization,
learning-augmented heuristics, and safety filters keep systems responsive. Operational
planning aggregates over days to weeks; scenario sets and chance constraints address
service-time and travel-time variability, and explicit buffers protect service levels. Tactical
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planning must handle non-stationary demand and lead times; distributionally robust
optimization (DRO) and sensitivity bands help policies remain stable under drift. Strategic
planning addresses deep uncertainty from pandemics, supply shocks, and cyber incidents;
digital twins and scenario discovery support stress testing and design choices.

Hand-offs must be explicit and machine-readable. Strategic design provides networks,
capacities, and IT standards to the lower horizons. Tactical policy exports parameters
such as buffers, caps, risk budgets, and equity targets to operational and real-time control.
Operational planning delivers schedules and Pareto sets to real-time control. Real-time
control issues executable updates and KPIs, and forwards stress indicators upward. Equity
and carbon targets follow the same pattern: strategic targets, tactical budgets, operational
enforcement, and real-time monitoring.

This structure enables closed-loop control. Streaming telemetry and KPIs from
real-time operations guide short-term adjustments in operational planning and prompt
tactical reviews. Repeated violations lead to revised buffers or contracts at the tactical
layer and, if needed, changes in capacity or network design at the strategic layer. In this
way, dispatching and micro-rescheduling stay aligned with rosters and blocks, which
remain aligned with coverage policies and long-term capacity choices.

In this paper, vertical integration refers to aligning planning and control across time
scales (H4–H1), including the upward and downward flow of targets, buffers, risk budgets,
and performance signals. By contrast, horizontal integration refers to interoperability
across peer healthcare IT and logistics systems at comparable decision levels, enabling
consistent data capture, shared situational awareness, and the operationalization of OR
recommendations within clinical and supply-chain workflows.

6 Conclusions and Future Perspectives

This position paper argues for a multiobjective and multidisciplinary view of healthcare
logistics. We examined core OR problem classes, including timetabling, facility location,
resource allocation, inventory, supply chains, and routing, and showed how equity,
sustainability, patient outcomes, cost, and service must be treated as primary objectives
or constraints rather than afterthoughts. Such a perspective requires not only methods
that reveal trade-offs and alternatives but also governance that can elicit preferences
from clinical, managerial, and public stakeholders and report impacts with the same
discipline used for throughput or cost. Crucially, horizontal integration provides the data
and execution substrate on which vertical, time-scale-aware planning can operate as a
closed-loop system.

A second message is the need to fuse operations research with healthcare IT. Models
only matter when they read reliable data and write executable outputs. Interoperability-
by-design across EHR, asset and inventory systems, laboratory and imaging systems, and
supplier interfaces is therefore a prerequisite. Standardized schemas and APIs, lineage
and validation tool-chains, and continuous data quality checks should be coupled to
optimization inputs and outputs. With this foundation, predictive analytics, AI, and IoT
can deliver timely forecasts and state estimates while optimization produces schedules,
policies, and alerts that downstream systems can enact.
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Third, planning must be coherent across time scales and uncertainty profiles. We
propose the H1–H4 ordering scheme as a practical backbone for assigning tasks, methods,
and hand-offs: real-time (H1), operational (H2), tactical (H3), and strategic (H4). Table 1
summarizes decisions, methods, uncertainty treatments, and artifacts exchanged at each
horizon. H4 and H3 set designs, capacities, buffers, and budgets (including equity and
carbon targets); H2 converts them into executable schedules; H1 adapts in minutes to
hours. Information flows upward: H1/H2 provide KPIs, violations, and stress signals;
H3/H4 update policies and designs. Method choices should match horizon and uncertainty:
fast repairs and rolling-horizon MILP at H1; multiobjective MILP and matheuristics with
scenarios or chance constraints at H2; stochastic and distributionally robust programs
with sensitivity bands at H3; and robust, multi-period network and capacity planning
with stress tests and digital twins at H4. Treating uncertainty as drifting rather than
fixed, using online learning and Bayesian updating, keeps policies effective as conditions
change.

We propose a research agenda aligned with these three themes. First, advanced
multiobjective modeling that puts equity and sustainability on equal footing with cost
and service, with explainable outputs that expose trade-offs and support contestability.
Second, deliver interoperability-by-design: FHIR-first data access; portable optimization
artifacts; machine-readable hand-offs across H1–H4; and monitoring that ties data quality
to decision quality. Third, develop time-scale-aware optimization that is both robust and
adaptive: learning-augmented dispatch for H1; schedule design with scenario/chance
guarantees for H2; distributionally robust policy setting and contract design for H3;
and stress-tested strategic planning for H4 using digital twins. Progress in computation,
including decomposition, matheuristics, parallel evolutionary multicriterion optimization
(EMO), and hardware-aware implementations on GPU and edge platforms, will reduce
latency and expand deployment. Community benchmarks with privacy-preserving data
and standardized H1–H4 artifacts will strengthen reproducibility and accelerate translation
to practice.

Overall, a healthcare logistics stack that is multiobjective, interoperable, and time-
scale-aware can turn streaming data into reliable action while meeting equity and
sustainability targets. The path forward is clear: develop shared data and model pipelines,
align methods with temporal horizons and uncertainty levels, and assess outcomes with
the same rigor applied to cost and capacity evaluations.
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