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Abstract: Emerging pandemics and peak infection periods can overwhelm healthcare systems, espe-
cially under limited resource availability such as hospital beds, ventilators, and ICU capacity. This
strain may lead to elevated mortality rates and increased healthcare costs. In this paper, we present
a novel optimization-based framework that dynamically schedules hospital beds to minimize total
healthcare costs, primarily composed of patient rejection costs and associated logistical expenses, while
operating under strict resource constraints. Our model accounts for multiple sources of bed supply,
including standard hospital beds, in-situ hospital beds, and buffer beds, and incorporates flexible
resource sharing to better accommodate patient demand. Recognizing the computational complexity
of the resulting optimization model, we propose a reformulation that significantly reduces run-time.
We also analyze key structural properties and derive optimal solutions under specific conditions.
To account for demand uncertainty, we extend the framework by integrating an SEIRD model to
simulate patient demand in future pandemics and to inform proactive bed scheduling. To evaluate the
practical utility of our approach, we conduct a case study based on the COVID-19 pandemic in the
Northern Virginia (NOVA) region. Our results demonstrate that the proposed framework can reduce
total healthcare costs by more than 55%, highlighting its potential in guiding resource allocation and
preparedness strategies during health crises.

Keywords: pandemic; bed-capacity; patient admission; resource sharing; dynamic optimization;
scheduling

1. Introduction and Motivation

The COVID-19 pandemic exposed the fragility of hospital capacity under prolonged public health
emergencies. In many countries, surging infections quickly overwhelmed intensive care units (ICUs)
and medical wards, forcing healthcare systems to operate in crisis mode. At the peak on April 12,
2020, for example, over 18,800 hospital beds in England were occupied by COVID-19 patients [1].
Similar scenarios played out globally, with hospitals struggling to provide care for both COVID-19
and non-COVID patients [1]. When demand exceeds supply, healthcare providers face important
decisions: how to allocate scarce beds, ventilators, and staff to save the most lives. Some regions
resorted to formal triage policies and ethical guidelines to prioritize patients for critical care, aiming
to maximize survival and social wellbeing under resource constraints [2]. In practical terms, this
meant that access to care could not be guaranteed for all; many hospitals were forced to reject patients
or delay treatment for those with lower survival probability, a costly outcome in both human and
economic terms. The need to minimize patient rejections while managing limited resources has become
a paramount operational challenge in pandemic response.

To avert worst-case outcomes, health systems worldwide implemented extraordinary measures
to expand capacity and streamline patient flows. Elective surgeries were canceled all together to free
up beds, and dozens of field hospitals (“in-situ" hospitals) were erected in convention centers, sports
arenas, and other large venues to absorb overflow demand [1]. For instance, the UK’s National Health
Service rapidly established Nightingale hospitals, and U.S. cities converted conference centers into
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COVID-19 wards. These steps, combined with procuring emergency equipment and redeploying staff,
were critical to enhance surge capacity [1]. At the same time, policymakers recognized that better
coordination across healthcare facilities could greatly improve system resilience. Rather than letting
each hospital operate in isolation, some regions set up centralized coordination centers to balance
loads and facilitate inter-hospital transfers. For example, the state of Minnesota established a Medical
Operations Coordination Center to redistribute ICU patients across hospitals with available beds [3].
This kind of collaboration of effectively sharing resources and patients, can ensure that a critically ill
patient turned away from one overfilled hospital can be transferred to another facility with capacity.
Indeed, such load-balancing mechanisms proved essential for preserving critical care access during
peak surges [3]. Without them, many beds in less affected areas might remain idle while patients in
hot spots are denied care.

In this paper, we develop an integrated optimization framework for dynamic hospital bed
allocation in a pandemic. At its core, our approach is a multi-period, multi-hospital resource allocation
model that minimizes total healthcare costs under capacity constraints. A central feature is that the
objective function attaches a heavy penalty to unmet demand, where essentially, a cost of patient
rejection, reflecting the severe health and societal consequences of turning away sick patients. By
internalizing this penalty, the model actively strives to avoid scenarios in which patients in need are
denied access to beds. Meanwhile, the model also accounts for operational costs of care (for regular
and ICU beds in both standard hospitals and field hospitals) as well as logistical costs for moving
patients. The proposed framework empowers a coordinated, system-level strategy: a healthcare
agency makes strategic decisions on how many patients to allocate to each hospital or pop-up facility,
and then hospitals make operational decisions on how to redistribute those patients via transfers or
supplementary beds.

We incorporate multiple real-world flexibilities which include the use of buffer beds (temporarily
repurposed non-pandemic beds), the opening of in-situ field hospitals to boost capacity, and the
option to transfer patients between hospitals and field units. By optimally timing and sizing these
interventions, the model can expand effective capacity where it's most needed, alleviating bottlenecks
at overwhelmed sites. Notably, we formulate the patient transfer network with a novel flow-based
representation that aggregates inter-hospital transfers through a dummy exchange node. This reformu-
lation is mathematically equivalent to modeling every pairwise transfer, but it dramatically reduces
computational complexity. In fact, it cuts the number of decision variables and constraints by an order
of magnitude, yielding over a 90% reduction in solution time for large-scale instances. Such tractability
is important for practical use, as a regional health authority might be coordinating dozens of hospitals
over many weeks, which represents a problem size intractable for a naive formulation.

Another distinctive aspect of our approach is the integration of epidemic dynamics and robust
optimization into the resource planning process. We link our allocation model with a compartmen-
tal SEIRD (Susceptible-Exposed-Infected—Recovered-Deceased) model to forecast the trajectory of
infections and hospitalizations over the planning horizon. This provides a data-driven estimate of
the time-varying demand for hospital beds, stratified by patient severity (e.g. mild vs. severe cases).
However, rather than taking these forecasts at face value, we acknowledge the considerable uncertainty
in pandemic demand. We therefore formulate a robust optimization variant of the model that hedges
against worse-than-expected infection scenarios. In the robust model, the demand in each period is
allowed to vary within an uncertainty set (e.g. a confidence interval around the SEIRD prediction), and
we seek a solution that minimizes the worst-case total cost. This yields a hedging strategy that may
deliberately hold extra surge capacity or preemptively distribute patients more conservatively, in order
to cushion the impact of a potential demand spike. Importantly, we prove that this robust planning
problem can be solved just as efficiently as the deterministic case, essentially by solving a variant of the
model with demand set to its upper-bound scenario. In summary, our framework combines predictive
modeling (epidemic forecasts) with prescriptive analytics (optimization under uncertainty), enabling
policymakers to anticipate demand surges and allocate resources proactively rather than reactively.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202508.1668.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 August 2025 doi:10.20944/preprints202508.1668.v1

30f29

We demonstrate the effectiveness of the proposed approach through both theoretical insights
and a detailed case study. First, we derive analytical structural properties of the optimal policy in
certain regimes. For instance, when patient demand persistently exceeds total capacity, we show that
an optimal strategy will utilize all available resources to the fullest, where all hospitals and field units
will operate at maximum capacity (including using every buffer bed), as any idle capacity would
incur unnecessary shortage costs. Conversely, if overall demand never exceeds supply, the model
naturally prioritizes the lowest-cost resources: hospitals are ranked by their per-patient operating
cost, and the optimal solution is to fill cheaper hospital beds first (while still ensuring all demand is
met), activating higher-cost facilities like field hospitals only if needed. These intuitive yet non-trivial
properties provide reassurance about the model’s behavior and offer guidance for decision-makers
(e.g., when to trigger the opening of an in-situ hospital or how to distribute buffer beds across hospitals
in a worst-case surge). We next apply our model to a real-world scenario based on Northern Virginia
(NOVA) during the late-2021 COVID surge. This region experienced a severe capacity crunch, in
particular, hospitalizations jumped by over 1000% within two months [4], pushing emergency rooms
to their limits, and authorities identified several sites (conference centers, a university arena, etc.) for
potential field hospitals. Using data on NOVA's hospital network, COVID infection rates, and available
surge facilities, we compare the performance of our optimized scheduling policy against the current
practice. The results show striking improvements: our model reduces total healthcare costs by more
than 50% compared to current practice, primarily by sharply cutting the number of patients who must
be turned away.

In the optimized solution, virtually no COVID-19 patients with severe symptoms are denied a
hospital bed, whereas under the decentralized reactive approach, hundreds of such patients would
go untreated at the peak of the wave. This outcome is achieved by a timely reconfiguration of
capacity, where the model advises, for example, opening a large field hospital in anticipation of the
surge and judiciously using available buffer beds in urban hospitals, as well as a more selective
admission policy for mild cases when critical care space is running low. Interestingly, we find that
explicit coordination via patient transfers plays a complementary role: by reallocating patients from
overcrowded hospitals to those with spare capacity, the system avoids unnecessary bottlenecks and
improves overall utilization. Our case study also evaluates the robust optimization strategy under
stochastic demand scenarios. Even if the future unfolds worse than the average forecast, the robust
plan maintains superior performance, reducing worst-case costs by 39% relative to a non-robust
(average-based) plan and markedly limiting the variability of outcomes. In practical terms, this
means greater assurance that the health system can withstand surprise surges without resorting to
crisis standards of care. These findings underscore the value of proactive, model-driven planning in
pandemic management. That is, by integrating epidemiological insight, system-wide coordination, and
flexible capacity deployment, our models shows significant gains in efficiency, equity, and resilience.

The contributions of this work are therefore both methodological and practical. We introduce
a novel optimization model for pandemic bed management that captures the key complexities of
the problem, including multi-tier decision-making, resource sharing, and uncertainty, in a tractable
formulation. We provide an equivalent reformulation and analysis that make it feasible to solve large
regional instances and to derive clear policy rules. Finally, we translate the model’s prescriptions into
real-world impact through a case study, offering evidence-based guidance for health planners. While
motivated by COVID-19, our framework is generalizable to future health crises, whether another
infectious disease outbreak or any scenario causing a sudden mismatch between patient demand and
hospital supply. The proposed approach minimizes the human and economic costs of such mismatches,
which can help health systems ensure access to care even in the face of unprecedented surges, avoiding
the tragic consequences of uncoordinated or insufficient responses.

The remainder of the paper is organized as follows. In Section 2 we present a comprehensive
literature review on the problem of bed scheduling during pandemics. In Section 3 we define the
model, notation, optimization problem, proposed equivalent reformulation, structural properties, a
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robust optimization extension, and patient demand forecasting using an SEIR model.In Section 4, we
demonstrate the effectiveness of our framework through a case study based on the COVID-19 outbreak
during 2021-2022. Finally, in Section 5 we conclude and propose future directions.

2. Literature Review

The challenge of scheduling hospital beds and optimizing resource management during periods
of high demand, such as pandemics, has been extensively explored in the literature. To provide a
structured overview, we categorize the relevant research into two main streams. The first focuses on
the optimal allocation of hospital beds and ICUs for both pandemic and non-pandemic patients. The
second on the other hand, examines broader resource management strategies and resource sharing
opportunities during pandemics to improve overall efficiency of the healthcare system.

Allocating pandemic and non-pandemic beds and accepting patients is crucial to reducing
healthcare costs. [5] highlights the importance of bed management during the COVID-19 pandemic
by employing a data analysis-based model in which the authors studied impactful factors such as
length of hospital stay and waiting time. [6] designed a machine learning model to predict such
metrics. Specifically, the authors focused on predicting patient in- and out-flow and patient and
patient stay time in hospitals during a pandemic. The reported accuracy was 80%. Patient stay
time was also estimated using time-series models (e.g., [7,8]). While predictive models can help in
assisting bed placement decisions by estimating patient demand. They are not solely enough and
need to be accompanied by prescriptive models, which we focus on in this paper, that accordingly
allocate hospital beds and ICUs. Between the two (predictive and prescriptive) approaches, assessment
schemes, based on discrete-event simulation and scenario analysis, that evaluates the impact of hospital
resource allocation strategies on pandemic and non-pandemic patients, were developed (e.g., [9,10]).
Optimization-based studies were dedicated to design optimal bed assignment and patient admission
controls that consider other factors (e.g., elective and emergent pandemic cases). For example, [11]
proposed an MDP formulation to study the problem of optimally admitting arriving patients to ICUs
where ICU patients need to be assigned to non-pandemic beds. The authors studied this problem in a
single hospital setting. [12] developed a dynamic programming (DP) approach that maximizes the
admission of COVID patients while reducing the backlog on non-COVID patients under scarcity of
hospital resources. The authors integrate patient health conditions in the decision making process.
Similarly, [13] proposed a mixed-linear integer programming to determine optimal schedules of
operating rooms during pandemics under patient demand uncertainty. [14] examined the design of
a dynamic invitation policy for proactive service systems with limited capacity and finite customer
patience. In a similar fashion, [15] developed an optimization model for early disposition actions
to generate surge capacity in hospitals. [16] expanded on the previous work, and proposed a DP
approach that combines optimal admissions of three classes of patients: COVID-19, emergency, and
elective-care patients. Their results suggest that transferring elective patients to private hospitals
could be an effective strategy to alleviate overcrowding in public hospitals. Multi-hospital setting
was also considered by [17,18]. A key limitation of the aforementioned studies is the assumption
that healthcare entities and hospitals operate independently, without coordination. This also implies
that strategic-level patient admission decisions made by healthcare agencies cannot be redistributed
and reallocated within the system, overlooking significant opportunities for flexibility and capacity
expansion.

Another stream of literature which is highly relevant to our problem, is the resource utilization
and resource sharing in a pandemic. Several studies have been devoted to such a study, particularly
in the context of vaccine, treatment, testing-kit, ventilators, and bed allocation. For instance, [19-21]
investigate vaccine distribution strategies under supply constraints by embedding an SIR model into an
optimization framework. Similarly, [22,23] develop a logistics-based approach for treatment allocation,
formulating the problem as a nonlinear mixed-integer program to determine optimal allocations.
[24] designed screening strategies to efficiently reduce the number of infections. Their model can be

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202508.1668.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 August 2025 doi:10.20944/preprints202508.1668.v1

50f29

utilized as a planning tool for allocating testing-kits in specific areas. Beyond vaccines, treatments,
and testing kits, broader resource allocation frameworks have been proposed. [25] introduce a
comprehensive model that considers multiple resource types, including facility size, location, staffing,
and transportation. Meanwhile, the allocation of critical medical equipment has also been explored
extensively. [26] focus on ventilator distribution during the COVID-19 pandemic, while [27] leverage
predictive and prescriptive modeling to optimize ventilator allocation through demand forecasting.
For a broader perspective on resource allocation challenges during pandemics, readers may refer to
the extensive review by [28] and the references therein. Demand-supply matching was also considered
in the literature, using frameworks that integrate demand forecasting using compartmental models
and supply of hospital beds. For example, [23,29,30] consider similar frameworks that integrate a
scheduling-based optimization problem within a predictive model for forecasting the patient demand
and allocating hospital beds. While these frameworks, are deemed closest to our work, they assume that
strategic level decisions, i.e., decisions made by healthcare agencies cannot be redistributed in a way
that minimizes total cost. This disregards the flexibility of redistributing patients and sharing resources
when needed (see, e.g., [31-34]). To the best of our knowledge, the problem of optimally matching
patient demand and bed supply during pandemics, while integrating multiple critical factors has not
been fully addressed in the literature. These factors include multiple pandemic response options such
as patient prioritization, bed sharing, patient transfers, allocation and redistribution strategies, the use
of non-pandemic beds, and the opportunity of opening and operating in-situ hospitals as opportunities
for capacity expansion. What further distinguishes our model is its integration of demand forecasts,
generated via compartmental models, into a robust optimization framework designed to produce
immune solutions that minimize worst-case total healthcare costs.

3. Model Development

In this section, we develop an optimization-based framework for dynamically allocating hospital
beds during an emerging pandemic, aiming to minimize total healthcare costs and alleviate strain on
hospital capacity.

Consider an emerging pandemic in a population of size N in which the number of infections
attime t € T is denoted by I; < N, where T = {1,---, T} is the considered time horizon. Infected
individuals exhibit varying levels of symptom severity, denoted by i € Z, where 7 represents the set of
severity levels of symptoms ranging from mild to severe cases. As such, we write

It = Z Ii,t/ Vt € T, (1)
i€l
In many instances, both mild and severe cases may require hospitalization. For example, individuals
with compromised health, such as the elderly or those with pre-existing respiratory conditions (e.g.,
asthma, bronchiectasis, or chronic obstructive pulmonary disease) can experience worsening symptoms
even from mild infections, thereby increasing their risk of hospitalization [35]. To that end, we define
the hospitalization demand of subjects having symptom severity level i at time ¢, as d; ; defined as

dip =1, VteT,Viel i> i )

Surges in d; ; can cause shortages in hospital beds and hence can result in catastrophic healthcare costs.
This highlights the urgent need for a well-structured scheduling plan to accommodate the resulting
high demand. In what follows, we introduce a multi-period bed scheduling model designed to manage
and accommodate patient surges effectively.

In this paper, we consider a two-stage decision making process. The first is strategic and aims to
allocate the patient demand d; ; over the system supply of hospital beds. Such decisions are often made
by healthcare agencies who are in charge of tracking numbers of infections and the bed utilization.
These decision variables are denoted by xf ,and xif ; which define the initial number of patients allocated
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to a hospital p € ¥ and to an in-situ hospital k € (). To that end, we denote by s;; as the shortage
variable for patients of type i € Z at time f which can be written as

sip=dig— Yy xf, = Y X, VieIVteT.
pe¥ keQ)

We denote by c;; as the cost of a shortage, i.e., the cost of rejecting a patient who is in need of
hospitalization. This cost is often high and might in many cases dominate all other logistical costs.
Decisions must be adjusted accordingly to reduce shortages. Later, in Section 3.2, we present theoretical
results on this end. Next, we outline the second level of decision-making within the system, which
focuses on efficiently redistributing allocated patients to minimize logistical costs.

We define the set ¥ as the set of hospitals, where for every hospital p € ¥, the associated bed
capacity is denoted by QF. We track the bed utilization for a hospital p at time ¢ using the state variable
H!, and associate it with W}, which represents the cost of treating a patient. This cost may include
expenses related to ICU units, ventilators, serum injections, staffing, operating costs, and other factors.
In addition, in this paper we consider that there exists a buffer of beds denoted as B. These beds
are often borrowed from beds which are non-pandemic dedicated, i.e., beds for patients with other
diseases. This means that B can be allocated to hospitals to boost their bed capacity. This can be
modeled as follows,

Y bl <B VteTandH] <QV+0b], Vpe¥,VteT, (3)
peY

where b} is a decision variable that denotes the number of buffer beds allocated to hospital p at time ¢.
Furthermore, in this paper we allow for opening and operating in-situ hospitals. As such, we define the
() as the set of locations at which in-situ hospitals can be opened and operated. Similar to hospitals, an
in-situ hospital k € () has a capacity QF and a state variable that tracks the bed utilization and denoted
as Hf. The cost of treating and accommodating a patient in an in-situ hospital is denoted as Wf. In
addition to the costs for a hospital p, in this case, Wg‘ can also include infrastructure (setup, equipment,
utilities, sanitation), operations (security, logistics), and administration (regulatory fees, IT) and is
often higher than H/ for a hospital p. The decision of opening and operating an in-situ hospital is
denoted as u¥ and this is often related to the availability of tents. As such, we have

Y ofuf <O, vt e Tand Hf < ufQt, Vke Qvte T (4)
keQ

where O is the available number of tents and o is the number of tents that can be fit in an in-situ
hospital k.

Each hospital p € ¥ can transfer patients of type i at time  to another hospital g € ¥/{p} or to
pA
it
various reasons, including differences in capacity, technology, staff availability, treatment capabilities,

an opened in-situ hospital k € (), represented by y:," and zf ’tk, respectively. These transfers occur for
and operating costs. This flexibility in patient transfers helps optimize bed utilization and better
accommodate patient demand. This directly means that the following holds,

LY+ L YA <H vpewvieT. )
ge¥icz = keQiel

This basically guarantees that all patients transported from a hospital p cannot exceed the current
number of patients H} . The cost of transporting patients between hospitals p and g and between a
hospital p and an in-situ hospital k is indicated by ¢g”7 and gP*. In general, these costs are relatively
smaller than the other problem costs (e.g., shortage).
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Figure 1. Diagram showing an illustrative example of flow of patients in a healthcare system.

With the above discussions, we are now ready to model the dynamics of the problem which is
defined by the change in the system state with respect to time. To do this, we track the number of beds
occupied in a hospital p and an in-situ hospital k as follows,

HY  =H (1= + Y Y vl + Y« =) Y - ZZZ”, Vpe¥,vteT, (6)

qeYicl i€l qeYiel keQiel
HE = HE1—9N) + Yk + ¥ Y2 VkeQVteT, (7)
i€l peYiel

where 7" and 7* represent the respective recovery rates of patients in hospital p and in-situ
hospital k. Since hospitals vary in their treatment capabilities, recovery rates may differ accordingly.

In Figurel, we present an illustrative example of the underlying mechanism of the problem at
time ¢t for patients of type i. In this example, we consider two hospitals, two in-situ hospitals, and
buffer beds. The arcs represent the flow of patients in the system. In summary, policy makers face a
patient demand d; ; due to a pandemic. This demand is initially distributed, i.e., with the variables xZ b

x? xf’ . and x . In turn, hospitals make decisions to redlstrlbute patlents and transfer them between

,t/
each other and to in situ hospitals, that is, with variables 3/1 t , ]/z t , 11 t3, let4 , lef ,and 22'4 in case these

in-situ hospitals are opened modeled with u} and u}. Finally, buffer beds B can be borrowed form
hospitals with variables b} and b?.

In this paper, we aim to minimize the total healthcare costs. This includes the cost of shortage
which reflects the patient rejection cost, and hospital and in-situ hospital operating costs, and cost of
patient transport, which reflects logistical costs. More formally, we write our objective function f as

follows,
—L LWH AL LWHA L Y Lt L L L ®
teT pe¥ teT keQ teT ieZ pe¥ qe¥ teT ieZ peY keQ
+) Eci,t{max {dis— Y xl. Z P10 } )
teT i€l pe¥

The first two terms correspond to the total per-patient operating costs for both hospitals and in-situ
hospitals. The second two terms are associated with the patient transfer cost. Finally, the last term
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is the cost of demand shortage. This makes f a multi-criterion objective function. Clearly, there is
a trade-off: as logistical expenses increase, the cost of demand shortage decreases and vise-versa.
This underscores the need for an optimization-based model, which we present in the next section, to
effectively balance this trade-off. We refer readers to Table A1, in Appendix A, for a comprehensive
summary of the paper’s notation.

3.1. Multi-period Optimization Problem MBSP

With the aforementioned discussions, we are now ready to present our optimization problem in
what follows,

F* =minimize f=) ) Wl H! + Y ¥ WEHE

teT pe¥ teT ke
r k
LI IDID I LD DD DD DD IF L
teT iel pe¥Y qe¥ teT ieT peY ke
+ ) Y ciemax {dis— ) x:t Y xlt’
teT icT pey ke
subject to le_H”lf'y’” +22y +2xlt ZZyi Zz,zzt, Vpe¥,VteT,
qeYiel i€l qeYiel keQiel
Y Y+ YAl <H, Vpe¥,vteT,
qeYiel keQiel
H < QP +1f, Vpe¥,Vte T, (MBSP)
Y b <B, VieT,
pe¥
HE < kG, Vke QVteT,
t t , ’
Hfq = HE -9+ Yo+ ¥ Y2, VkeQVteT,
i€l peYiel
Z ofuf < Ve T,
keQ

uf €{0,1}, Hp'Hf’yzt’ frf ict' Zi} >0,
VieZVp,qe¥ keQVteT.

Problem MBSP is a multi-period scheduling problem designed to optimally accommodate patient
demand during a pandemic while operating under resource constraints. In our problem we consider
different resources, which include, beds capacities of hospitals and in-situ hospitals Q7 and QF, buffer
beds B, and tents O. The optimal solution of Problem MBSP provides a complete set of information
required to optimally accommodate patient demand. Specifically, at every point in time, healthcare
policy agents would like to know how many patients of different severity levels to enter the healthcare
system (xf and 3?{.‘, ;). Hospitals and in-situ hospitals (if opened and operated uk) would track the bed
utilization (Htp and Hf) and would like to know how many non-pandemic beds should be used (bp )
and how many patients can be transferred (yf and z ) As such, solving this optimization model
enables an efficient allocation of these limited resources, ultimately minimizing total healthcare costs.
We begin with the following assumptions.

Assumption 1. Assume that c;y > 0 for some (i,t) € T x T.

Suppose that the cost of shortage is 0, thatis, c;; = O foralli € Z and t € 7. Then in this
case, no patients should be hospitalized and no one should enter the system, that is, xf P = fff ; = 0.
Consequently, with the initial state conditions, all decision and state variables are trivially set to 0
which means that 7* = 0. Thus, Assumption 1 enriches the problem and highlights its importance for
further study. Next, we turn attentions towards the computational aspects of Problem MBSP.

3.1.1. Computational Aspects of Problem MBSP

The decision variables x” HY, HE, b, 7 it 7, and z ¥ should theoretically be integers. However,

it i, o
given that this problem deals with large populations, we can safely relax the integrality constraints of

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202508.1668.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 August 2025

doi:10.20944/preprints202508.1668.v1

9 of 29

these variables. Practically speaking, this implies that the solutions of the relaxed and integer models
are sufficiently close. The major benefit of this is that it can drastically reduce the computational
complexity of Problem MBSP. Toward that end in Table 1, we explicitly describe the computational
aspects of problem MBSP. Notably, as the problem size grows, the number of decision variables and

Table 1. Computational aspects of Problem MBSP

Decision variables Type Size
xft continuous ['¥] x |Z| x |T]|
f{{t continuous Q) x |Z| x |T|
HY continuous ['¥] x |T]
HF continuous Q| x |T]
by continuous ['¥| = |T]
uk binary | x| T
yf’tq continuous [¥|? x |Z| x |T|
Zf’tk continuous Y] x Q| x |Z] x |T|
Constraints Type Size
Equation (3) inequality [T+ ¥ x |T]
Equation (4) inequality T+ Q| x |T|
Equation (5) inequality Q| x| T|
Equation (6) equality ['¥| x |T|
Equation (7) equality Q| x |T]
Binary - | x| T
Non-negativity inequality  sum of the size of decision variables

constraints increases polynomially. To illustrate a realistic scenario, we consider the state of Virginia
(VA), USA, and report the size of the largest variable, yl’z ’tq. The number of hospitals in VA is 99 [36].
As such, if the considered time horizon is 7 days and the count of the severity levels is 3, this means
the size of yZ;q is 205,821, which in turn means that Problem MBSP is computationally expensive to
solve. Toward that end, in the next section, we propose a more efficient reformulation that allows us to
drastically reduce the computational complexity.

3.1.2. An Equivalent Reformulation of (MBSP)

In this section, we present an equivalent reformulation of Problem MBSP under a mild condition.
We then present a theoretical result that demonstrates the equivalency of both optimization models.
Then, we present a numerical analysis that shows the computational gains of the newly proposed
reformulation. We present our reformulation in what next.

In real-world scenarios, the primary cost associated with transferring patients between hospitals
and in-situ facilities is the fixed expense of procuring ambulances, while the actual transportation cost
is relatively negligible. Therefore, without loss of generality, the following assumption can be made.

Assumption 2. Assume that gP1 ~ g and gP* ~ g, where g refers to the fixed cost (e.g., ambulance
utilization).

In what follows, we rely on the above assumption to construct an equivalent reformulation of
(MBSP). The key motive behind this reformulation is to simplify the associated computational aspects.
Towards that end, we start by defining a new node 0 as a dummy node for exchanging patients
between hospitals and in-situ hospitals. As such, one can lump the number of patients moving out
from a hospital p and transferred to all other hospitals, with a decision variable yz ,to, and lump the

number of patients moving into a hospital p from all other hospitals, with y?’tp. This allows in writing
the following equations,

g ,0 , 0, .
Y yzﬁ - yfjt and ) y?/ f = yilf, VpeY,Vte T,Viel. (10)
qeY qeY
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In a similar fashion, we lump the number of patients moving out from any hospital p to all
destination in-situ hospltals, w1th the decision variable z: to, and the number of patients moving into

any in-situ hospital k, with zi t . This can be formally expressed as,

sz —z and Zz = Zt,VkEQVtETVzEI (11)
ra peY

Introducing the dummy node 0, necessitates governing flow-balance constraints between patients
moving in and out of node 0. This relation is derived as

LY L+ L L Y=L Y Ly LD LA vieT, (2

i€l pe¥ qe‘If i€l pe‘P ke i€l pe¥ qe¥ i€l pe¥Y ke
=YY+ Y Y=Y Y+ Y Y2, Vte T,  (13)
icT peY icl peY i€l pe¥Y icZTkeQ)

where Equality (12) is trivial. As can be seen, Equation (13) guarantees that for each time ¢ the total
number of patients exchanged is conserved. The aforementioned definitions allow in introducing our
proposed reformulation as follows.

FeN = minimize oV =) )" WFHF + Y N WiH!

teT ke teT pe¥
ngZZ(ylt ) 282222 282221
teT iel pe¥ teT iel pe¥ teT ieT ke
+Y Y cipmax{d;— ) xft -y xi/t,O}
teT iel peY keQy
subjectto HY ;= HI'(1—17) +Zy +2x” Zyi Zzlt, Vpe¥,vVieT
i€l i€l i€l i€l
Y+ <H, Vpe¥,vteT
i€l i€l
H < QF +¥f, VpeYVteT
Y b <B, Vie T
pe¥Y
)BD B/ DD DL D DD DR/ D DYDY vie T
icZ pe¥ icZ pe¥ icZ pe¥ i€ keQ
HF < ukQk, Vke QVteT
Hf = Hf(1—9")+ Y, + Y 20, Vke QVte T
i€l i€l
Y ofuf <o, vteT,
ke

k k 0 0Op =k Ok
uf € {0,1}, Hf, HE !y ol 55, 200, 20F > 0,

VieLVpe¥ keQVteT.
(MBSP-Equiv)

Note that Constraint (13) was further simplified by replacing the equality with an inequality (for
more details, the readers are referred to the proof of Proposition 1 in Appendix B). We next present our
first result in Proposition 1 which simply states that both optimization problems are equivalent.

Proposition 1. If the conditions in Assumption 2 are satisfied, then Problem MBSP-Equiv is equivalent to
Problem MBSP, with Feauv = F*,

The main premise in the proposed reformulation is to reduce the problem size and consequently
the computational complexity. As such, we present in Figure 2 the % improvement in the runtime
(in minutes) of Problem MBSP-Equiv over Problem MBSP. We compare the performance on two
crucial parts which are the data processing, i.e., building the optimization model components, and
the optimization runtime itself. Eventually, both will be used when the proposed framework is
implemented. Gurobi solver version 12.0.0 [37], was considered for solving the optimization models.
To that end, we vary, the problem size, measured by the number of hospitals which mainly controls
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the complexity. As noticed, as the problem size increases, (MBSP-Equiv) offers drastic improvements,

£90

[

£

[

380

o

£

x< 70 —— Optimization Run Time

— Data Processing Run Time

60

25 50 75 100 125 150
Number of Hospitals

Figure 2. Reduction in the optimization and data processing run time as a function of problem size (number of
hospitals).

ranging between 60% and 98%, in the runtime of both the optimization and the data processing which
hence favors it computationally over (MBSP).

3.2. Structural Properties of (MBSP-Equiv)

In this section, we present structural properties of (MBSP-Equiv) which provide additional
insights on the optimal solution under some conditions. We begin by assuming that Y, of < O,
meaning that all in-situ hospitals can be operated if necessary. This allow us to define D;’* and S;”° as
the respective system demand and supply on hospital beds, at time ¢, which can be written as follows,

DY* = Ydy, $° = ¥ (@'~ H)) +B+ Y (O~ Hf) wteT,
i€l pe¥ keQ)

where QP — H and QF — Hf represents the available beds, i.e., unoccupied, for a hospital p and
inistu hospital k at time t. If the D}*° < S}*°, V', the healthcare system can accommodate all patients
throughout the pandemic, minimizing overall patient rejection costs. Conversely, if D;** > S7°,vt,
policymakers must address the shortfall by prioritizing hospitalizations based on factors such as patient
health status, hospitalization costs, and other relevant considerations. Next, we present a theorem that
defines the optimal solution under each case. To simplify the exposure of the mathematical equations
in the following theorem, we assume that |Z| = 1, which means we can drop the subscript i.

Theorem 1. Suppose that

Y Y wiQh+ )y Y W(QM+B) + %g Y ¥ (207 +28) (14)

teT keQ teT pe¥ teT pe¥
1 1 = .
+§gZZZ(QP+B)+§gZ ZQkSmtlnct
teT ieZ pe¥ teT keQ

Ifc; = C, YVt € T, then the following two results hold:
1. IfD;”® > S;°,Vt, then the optimal solution satisfy the following,

HJ = Q¥ +¢"B, Vpe¥,VteT,

Hf = (1—=2")H] +x}, Vpe¥,VteT,

b} =¢'B, Vpe¥,VteT,

uf =1, Vke QVte T,

Hf = QF, VkeQVteT,

Hfy = (1—9")Hf +xf, VkeQVteT,

y =yt =20 =k =y, Vp e, vkeQVteT,

Y+ Y d=Y or+B+ ) Q, VieT,

peY keQ) pey keQy

>0, H =0vVpe¥,H=0Vkeq, Y & =1 (15)
peyY
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2. IFDY® < SVt and if W = WP,Vp € Y and WF = WK, Vk € Q, for all t, we have the following. Define J = {1 < j <
[¥|+|Q, W < WitL, j € YUQ}, as a set of hospitals and in-situ hospitals ranked based on their operating costs. Then the
optimal solution satisfy the following',

X = min{max{O,dt -B—(Q'-(1-+HHH}, Q' +B-(1- 'yl)H}}, vte T,
b} =B, vte T,
. -1 _
X = min{max {0,di—B— Y (Q" = (1—7"H})}, Q1 — (1 - 'yk)Hf}, Vie JVteT,
&

H]yy = (1= o) H] + ], Vie JVteT,
uk =1, VkeQVte T,
yf’o = y?’p = zf’o = z?’k =0, Vpe¥,Vke QVteT,
Yo+ Y w =) dis, Ve T,

pe¥ keQ i€l

(16)

Condition (14) in Theorem 1 is not too unrealistic. During peak infection periods, the cost of
rejecting a patient in need of hospitalization may outweigh other logistical expenses, as such rejections
could result in catastrophic outcomes (e.g., patient death). To that end, the results presented in
Theorem 1 are insightful and intuitive: First, when the patient demand exceeds the available hospital
bed capacity, the optimal strategy is to maximize bed utilization. This entails fully occupying all
hospital and in-situ hospital beds while strategically distributing buffer beds across hospitals to
accommodate the excess demand and minimize deaths. Second, when patient demand is lower than
the available hospital bed supply, the optimal strategy is to fully accommodate the demand while
allocating patients efficiently. This is done greedily, prioritizing hospitals and in-situ facilities with the
lowest operating costs first, then progressively utilizing higher-cost options until all demand is met.

3.3. A Robust Reformulation

Healthcare agencies often depend on well-established models to forecast disease progression
within a population over time, as these methods have demonstrated reliable predictive accuracy.
Among the most widely used are compartmental models such as the SIR model and its various
extensions. However, in practice, the actual number of infections can significantly diverge from these
predictions. Such discrepancies—particularly underestimations—can lead to serious consequences.
When predicted infection rates fall short of actual figures, the healthcare system may face a shortage
of allocated pandemic beds. This mismatch can result in patient overflow, denial of critical care, and
ultimately, increased healthcare costs. Therefore, robust strategies are essential to mitigate the impact
of such uncertainties, ensuring adequate preparedness and minimizing the risk of resource shortages.

To that end, in this section, we extend our formulation by considering that the patient demand is
d; ; is uncertain. To model uncertainty, we consider a robust approach, which means that we assume
that the demand d;; € D;; where D;;, = [dg,t' dZt] represents a time-dependent confidence interval,
with a lower and upper bounds denoted as dg,t and d};. In this paper, we adopt a robust approach.

1 We assume, without loss of generality, that one of the hospitals has the lowest operating cost among all hospitals and in-situ

hospitals.
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This means that the corresponding formulation is the same as that of (MBSP-Equiv), however the
objective function, now denoted as Frobust «an be written as

FroPust = minimize max Y Y WFHf+ Y Y W/H/ (17)
dit€Dit {eT ke teT pe¥
1 y , 1 o 1 .
Y () e N A e Y YA (18)
teT icZ pe¥ teT ieZ pe¥ teT icT ke
+Y ) ci,t{ max {di; — ) xftt - f{ft,O}} (19)
teT iel pe¥ keQ

In what follows, we present a proposition that ensures that solving (MBSP-Equiv) under uncer-
tain demand is equivalent to solving the deterministic counter-part simply by setting d; ; to its upper
bound d}, foralli € Zand t € T.

Proposition 2. The optimal solution X7 to the robust optimization problem, is the solution to the determin-

istic counter-part, i.e., (MBSP-Equiv), by setting d; ; = d}ft YieZNVteT.

The above proposition simply states that the robust optimization problem has the same computa-
tional complexity as the deterministic counter-part. This result, while being simple, its significant as it
allows in generating solutions that are robust to demand perturbations.

3.4. Simulating Demand on Hospital Beds

To estimate the potential demand arising from future disease outbreaks, we employ a compart-
mental SEIRD model—one of the widely accepted frameworks in the epidemiological literature. The
SEIRD model partitions a total population of size N into five mutually exclusive compartments: Suscep-
tible (S), Exposed (E), Infected (I), Recovered (R), and Deceased (D). These compartments respectively
represent the number of individuals who are vulnerable to infection, have been exposed but are not
yet infectious, are currently infected, have recovered and acquired immunity, and have succumbed to
the disease, all as functions of time ¢ in a time horizon 7T (see, e.g., [38]). The mathematical model is
written as follows

St
5t+1=5t—ﬁz\tlt+l¥E+1’Rt, (20)
St
Eriq = Ei + % — 0E; — aEy, (21)
i1 =L+ pE— (y+9)L, (22)
Riy1 = Re + vl — TR:. (23)
D1 = Dy + 613, (24)

Parameter 8 denotes the rate of exposure to infected individuals. « and p denote the probability and
the rate of incubated individuals turning back to susceptible and to infectious respectively. ¢ and
¢ denote the rates of recovery and mortality. To better model the disease dynamics, we consider in
addition to the basic SEIRD model introduced by [38-40], a possibility of reinfections at a rate 7, in
which recovered individuals can-rejoin class S, after loosing immunity which for COVID-19 lasts for
up to 4 months [41].

Given the number of infections I;, the corresponding demand d;; can be derived using equa-
tions (1) and (2). However, as discussed in Section 3.3, demand is subject to uncertainty and is assumed
to lie within the uncertainty set D;;. In the following, we elaborate on the construction of these
uncertainty sets, leveraging the SEIRD model as the underlying epidemiological framework.

To that end, note that one of the most critical parameters in the SEIRD model governing disease
transmission—namely, B—can be subject to uncertainty. This uncertainty is often driven by variations
in population compliance with lockdown measures. Factors such as funeral gatherings, children
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engaging in outdoor activities, high attendance at schools and universities, and unjustified in-person
meetings can all cause the actual interaction rate to deviate significantly from its intended level. This
simply means that, varying g € [8', ] will result in different realizations of I; and hence d;;. We
define B! and B* as follows,

Bl =p"E(1—71), p* = pE(1+7), (25)

where %8 represents an average transmission rate, which can be estimated using historical data on
interaction rates across different time periods. Parameter r on the other hand defines the confidence
level in which the mean estimate '8 lies in [B, 8#]. In addition, it can also be interpreted as a
reflection of the decision-maker’s level of conservatism.

4. Case study: COVID-19 Pandemic and Bed Scheduling in Northern Virginia
(NOVA)

4.1. Case study setup

In order to show the effectiveness of our framework, we consider a case study that utilizes the
data for COVID-19 outbreak in the NOVA area. By September 2021, hospitals in NOVA were already
approaching capacity due to the rise in COVID-19 cases and faced additional strain with the arrival
of Afghan refugees. According to the Virginia Hospital and Healthcare Association, hospitalizations
increased by 1,008% and new cases rose by 1,217% over a two-month period, resulting in severely
overcrowded emergency rooms and widespread staffing shortages across the state [4]. To that end,
we consider the weekly number of infections reported by Centers for Disease Control and Prevention
(CDCQ) from Oct 2, 2021 till Feb 26, 2022 in NOVA [42]. Recall that the number of infections I; is
translated into patient demand d;; in our model (using (1) and (2)). In Figure 3 we show the weekly
patient demand in NOVA. As noticeable, the demand is split into two categories: mild and severe
symptoms, i.e., |Z| = 2. Given that CDC reports weekly deaths for a given state, we first extract
the weekly deaths in the state of Virginia, and then estimate the weekly infections considering that
the mortality probability is 2% [43]. To limit the analysis to the NOVA area, we multiply the weekly
infections by 30%7[44]. We then, split the number of infections into mild and severe symptoms using
the proportions 80% and 20% (resp.) [45]. From the perspective of our model, the key distinction
between subjects experiencing mild versus severe symptoms is that mildly symptomatic individuals
require hospitalization with standard care beds, whereas those with severe symptoms necessitate
intensive care unit (ICU) support and/or mechanical ventilation.

—— Mild Symptoms
6000{ —— Severe Symptoms

5000

4000

w
=}
S
S

Patient Demand
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1000 \f/\w_/—/\
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Figure 3. Weekly patient demand for mild and severe cases from Oct 2, 2021 till Feb 26, 2022 [42].

We now present the data collected on existing hospitals and potential in-situ hospital locations,
including their associated costs and bed capacities. Table 2 provides a summary of the bed capacities
for the ten major hospitals considered in NOVA.

2 This is based on the fact that the proportion of NOVA population in Virginia is 30%.
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Hospital Name City Number of Beds | Reference | Estimated Cost

Inova Fairfax Medical Campus Falls Church 928 [46] $1,7234
Reston Hospital Center Reston 243 [47] $16,709
Sentara Northern Virginia Medical Center Woodbridge 183 [48] $16,884
Inova Fair Oaks Hospital Fairfax 174 [49] $16,534
Virginia Hospital Center Arlington 343 [50] $17,059
Mount Vernon Hospital Alexandria 219 [51] $16,184
Alexandria Hospital Alexandria 318 [52] $16,009
National Rehabilitation Hospital Washington, D.C. 137 [53] $15,834
StoneSprings Hospital Center Sterling 124 [54] $16,359
Westfields Hospital Chantilly 140 [55] $15,659

Table 2. Bed capacity of the ten major hospitals in NOVA

In March 2020, several sites in Northern Virginia (NOVA) were identified for potential field
hospitals to expand medical capacity in response to the anticipated COVID-19 surge. Planned facilities
included the National Conference Center (approximately 1,000 beds) in the city of Leesburg, the
Dulles Expo Center (at least 500 beds), and George Mason University (at least 500 beds) in the City of
Fairfax . Additionally, the Hilton Garden Inn in Neabsco Commons, Woodbridge, was considered for
conversion with a potential capacity of 200 beds [56]. We summarize the bed capacity of each of those
potential in-situ hospitals in Table 3.

Facility Name | City | Number of Beds | Reference| Estimated Cost
National Conference Center Leesburg 1,000
Dulles Expo Center Fairfax 500
George Mason University Fairfax 500 5] $32,718
Hilton Garden Inn Woodbridge 200

Table 3. Bed capacity of potential in-situ hospitals in NOVA

We now explain the estimated per patient weekly costs for hospitals and in-situ hospitals, i.e., W/
and W} (resp.). The cost of hospitalizing a COVID-19 patient depends on illness severity, treatment
needs, and length of stay, with median daily costs estimated at approximately $2,337 in 2020 [57],
which means that the weekly cost is simply $16,359. Due to limited cost data, we estimate hospital
daily costs by ranking facilities based on their technological advancement and ICU capabilities. Key
criteria include level of specialized care, affiliation with advanced health systems (e.g., INOVA), and
the scale and sophistication of their ICU infrastructure. The middle listed hospital receives the average
cost, i.e., $16,359, where as those with a higher (lower) ranks receive an additional (less) $175 weekly
costs in a linear fashion. For the potential in-situ hospitals we consider the same average cost across all
in-situ hospitals, which is 2 x $16,359 = $32,718, Costs are reflected in the last column of Tables 2 and
3. In addition, we note that the per patient transportation cost is considered to be g = $940 [58].

The only remaining parameters input to Problem MBSP-Equiv are (i) the recovery rate v¥ = 1/10
for all hospitals and in-situ hospitals® assuming that the days of stay for a patient is 10 days [59]. (ii)
The non-pandemic weekly beds which is considered to be* B = 898 [60].

4.2. Findings and Design Implications

This section presents the results of our case study analysis for the NOVA region during the
COVID-19 pandemic, highlighting both the empirical benefits and operational insights derived from
implementing the proposed optimization framework. We evaluate system performance under two
distinct strategies: the Current Practice (CP), characterized by reactive and decentralized decision-
making’, and the Optimized Model, i.e., following (MBSP-Equiv), which employs anticipatory, system-
wide scheduling to proactively manage capacity and demand.

Due to lack of data, we assume that the recovery rate is the same across all hospitals and and in-situ hospitals.
The buffer of 898 was mainly estimated from the 68% pandemic hospital bed usage reported by [60].

The current practice solution is derived using a myopic algorithm that assigns incoming patients to available beds following
the allocation policy outlined in Theorem 1.
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Figure 4 presents the expected healthcare costs across both approaches, decomposed into rejection
costs, logistical costs. The bar on the right represents the total system cost, which is the sum of both
costs. The optimized framework achieves a substantial reduction in total cost, decreasing from over
$2,647 billion under CP to approximately $1,161 billion, representing a savings of more than 56%.

o5gp| T CP [ |
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Figure 4. Expected healthcare costs under current practice (CP) and the proposed optimization model.

While both approaches face the same underlying demand (Figure 3), the optimized model
achieves significantly better outcomes by proactively shaping system behavior. One critical difference
lies in how each strategy handles early-stage admissions. CP tends to over-admit mild-symptom
patients at the onset of the outbreak, rapidly exhausting bed capacity. This front-loaded saturation
forces the system to reject a growing number of severe cases in later weeks, when capacity is most
needed. In contrast, the optimization model enforces a carefully calibrated trade-off: it limits mild-case
admissions early in order to preserve space for high-acuity patients as demand intensifies. This shift
from short-term volume maximization to long-term value optimization enables a more balanced and
resilient system response.

To better understand this behavior, Figure 5 shows weekly patient rejections disaggregated by
symptom severity. CP admits large volumes of mild cases in early weeks, which contributes directly to
the rejection of hundreds of severe patients later in the horizon, particularly during the second week
of October, when over 355 severe cases are turned away, compared to zero under the optimized model.
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Figure 5. Weekly patient rejections under current practice (CP) and the optimized scheduling model, by severity
of symptoms.

The optimized model, by contrast, maintains zero rejections of severe patients across all weeks.
This is made possible by deliberately and consistently rejecting a subset of mild-symptom patients,
particularly during periods of emerging surge risk. Importantly, this is not a result of conservative
planning or rigid rules. Instead, the model embeds a dynamic triage logic in which admissions are
guided by the evolving marginal utility of each bed. Every accepted patient is evaluated not only by
immediate need, but by the long-term implications for system capacity. This rational prioritization
formalizes the type of decision-making that clinicians often carry out under crisis conditions, but does
so consistently and at scale. In doing so, it reduces preventable mortality while preserving critical care
capacity when it matters most.
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Another noteworthy insight from Figure 5 is that the CP approach tends to admit all patients,
largely ignoring the associated logistical costs. Specifically, it admits more patients with mild symptoms
compared to the optimal solution. This is because the optimal approach carefully balances the trade-
offs between the costs of treating severe and mild cases, as well as the logistical costs. As a result, the
optimal solution prioritizes a higher admission rate for severe cases, assigns lower priority to mild
cases, and maintains a moderate level of logistical burden.

We now turn our attention to the role of patient transfers in the optimal solution. Given that
hospital costs were fixed over the planning horizon (see Table 2), the optimal strategy recommended
no patient transfers. This outcome is intuitive: transferring patients between hospitals becomes
advantageous only when future hospital costs are lower than current ones. Such cost variability
enables reallocation from higher-cost to lower-cost facilities, effectively preserving capacity in the
more economical hospitals for future admissions. To further investigate this dynamic, we conducted a
numerical experiment in which we generated 1,000 randomized hospital cost profiles that varied over
time. The results, presented in Figure 6, illustrate the mean weekly transfer activity across hospitals
and in-situ facilities, with shaded bands indicating one standard deviation of variability. Interestingly,
the mean transfer activity remains largely stable throughout the planning horizon. This consistency
reflects an optimal policy that consistently prioritizes freeing capacity at the largest facility—Inova
Fairfax Medical Campus—by transferring patients to smaller hospitals and in-situ sites. Doing so
allows the system to expand capacity and accommodate more patients. This behavior underscores a
key aspect of the optimization logic: minimizing patient rejection costs is prioritized over logistical
and transfer costs.
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Figure 6. Weekly patient transfers under the optimized model. The shaded region represents +1 standard
deviation across transfer realizations.

Taken together, these results highlight several critical design insights. First, surge planning
should treat capacity not as a static resource to be filled, but as a dynamic buffer that can absorb
uncertainty and mitigate downstream risk. Second, structured prioritization, especially under limited
resources, is not only ethically sound but operationally essential. Third, system-wide coordination and
resource sharing can dramatically reduce total healthcare costs especially especially when tools like
transfers and buffer beds are deployed optimally. Ultimately, the proposed framework offers more
than just performance improvements; it provides a replicable strategy for achieving both efficiency
and equity under crisis. Rather than treating capacity allocation, patient transfers, and admission
decisions as siloed operational problems, the model integrates them into a cohesive and adaptive
system-level response. It demonstrates that resilience need not depend on overbuilding or reacting
to every surge in real time. Instead, it can be built through forward-looking, well-calibrated resource
planning. As healthcare systems continue to face increasing volatility—from pandemics to climate-
driven disasters—such frameworks offer both operational clarity and ethical direction. Rather than
forcing a trade-off between access and cost, this approach shows how both objectives can be achieved
in tandem through thoughtful, anticipatory design.
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4.3. Sensitivity Analysis

In this section, we evaluate the impact of key model parameters on the metrics of interest, with a
particular focus on the patient rejection rate. Figure 7 illustrates how total patient rejections vary with
rejection cost under different levels of bed capacity, represented by the number of in-situ hospitals (left
figure) and buffer capacities (right figure).

As the cost of rejecting a patient increases, which is a likely scenario during peak infection
periods, the optimization model responds by significantly reducing patient rejections. However, this
reduction follows a pattern of diminishing returns: it begins steadily and gradually tapers off. This
occurs because the system’s capacity becomes increasingly saturated with both severely and mildly
symptomatic patients. Another notable observation is that across all scenarios involving different
numbers of in-situ hospitals, the rejection rate initially decreases at the same rate. This trend diverges
only beyond a certain cost threshold, at which point each scenario begins to show different degrees of
improvement. This behavior is intuitive. When the rejection cost is relatively low, the model prioritizes
minimizing logistical costs and thus does not fully utilize the additional capacity. As the cost increases,
the model shifts focus toward minimizing rejections and starts to leverage the extra capacity. The most
significant improvement occurs after opening the first in-situ hospital. This finding reflects our study
design, in which NOVA in-situ hospitals are opened incrementally, starting with the facility offering
the highest capacity. The National Conference Center, which provides 1,000 beds, is the first to be
activated (see Table 3). The patient rejection rate drops by approximately 33% after this first hospital
becomes operational.

A similar trend is observed when analyzing patient rejection under varying numbers of buffer
beds, which represent the availability of non-pandemic beds. This aspect of the study is important
as it helps healthcare decision-makers assess the necessity of allocating non-pandemic beds during
an emerging pandemic. As shown in the right figure, an increase of 2,000 buffer beds results in a
reduction of patient rejection cost by approximately 55%.

— Nb insitu=0 —— Buffer=0
_ 100000 ~—— Nbinsitu=1 | _ 100000 ——— Buffer=500
3 —— Nbinsitu=2 | -3 —— Buffer=1000
ﬁ 80000 —— Nb insitu=3 ni:,j 80000 —— Buffer=1500
= Nb insitu=4 | » Buffer=2000
2= -2 60000
& 60000 o
© ©
© 5 40000
= 10000 =
20000
0 2 4 6 8 10 0 2 4 6 8 10
Patient Rejection Cost Patient Rejection Cost

Figure 7. Variation of the total patient rejection as a function of rejection cost under different levels of bed capacity
depicted by the number of in-situ hospitals (left figure) and buffers (right figure). .

An important question we aim to explore in the following analysis is how changes in the cost
associated with mildly symptomatic patients, which is lower than that of severe cases, affect the overall
rejection rates for both mild and severe patients. This is a critical consideration because it is essential to
ensure that, regardless of which cost parameter is adjusted, even one as low as the cost for mild cases,
the optimization model continues to prioritize reducing patient rejection over minimizing logistical
costs. As shown in Figure 8, the rejection rate for severely symptomatic patients remains at its minimal
level across all values of the mild symptom cost. This suggests that the model absorbs higher logistical
costs rather than compromising care for severe cases. This result is encouraging because it provides
reassurance to healthcare agencies that the optimization framework consistently gives precedence to
patients with severe symptoms, who contribute most significantly to overall healthcare costs.
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Figure 8. Impact of the cost of mild symptoms on the mild and severe rejection rates.

4.4. Robust Planning under Uncertain Pandemic Demand

While the baseline optimization model offers significant improvements over current practice, it
assumes full knowledge of future patient demand, a condition rarely met during real-world pandemics.
In practice, demand forecasts are subject to uncertainty stemming from underreporting, variant
emergence, or changes in population behavior. In Sections 3.3 and 3.4, we introduced a robust
counterpart to our model, integrated with a compartmental SEIRD framework. This combination
enables the prediction of future demand and, in addition, places it within a bounded uncertainty set. To
that end, this section employs a simulation-based scheme to assess how demand uncertainty translates
into real-world system outcomes. Specifically, we simulate 5,000 stochastic demand trajectories using
the SEIRD model® and evaluate the realized healthcare costs under three decision strategies: Current
Practice (CP), the Average-based model, which optimizes against the average demand scenario, and
the Robust model. Figure 9 shows the resulting empirical cost distributions. Several insights emerge.
First, both optimization-based strategies significantly outperform CP. The mean cost under CP exceeds
$950 billion, while the average-based model lowers this to approximately $474 billion, and the robust
model further reduces it to about $286 billion. This implies that robust solutions reduce total costs
by around 39% and 70% over CP and average-based solutions. More importantly, the robust model
exhibits the most concentrated distribution, with a sharper peak and a very thin tail, indicating a
substantial reduction in cost variability. This improved consistency reflects a key strength of the robust
approach: it not only reduces average cost, but also limits exposure to extreme scenarios. In contrast,
the CP and average-based distributions have heavier right tails, with cost realizations exceeding $1,750
and $1,250 billion in the worst cases (resp.). From a policy perspective, this difference in tail behavior
is critical. While the average-based strategy performs well on average, it leaves the system vulnerable
to rare but devastating demand spikes. The robust model, by contrast, effectively hedges against
such events, delivering tighter control over financial risk and operational reliability. In probabilistic
terms, it improves the upper quantiles of the cost distribution, by effectively lowering the system’s
value-at-Risk under uncertain conditions.

4.4.1. Policy Recommendation

This section mainly evaluates the trade-offs between the deterministic model and its robust
variant, highlighting their relative performance and resilience. It helps healthcare decision-makers to
answer the question of using the most relevant policy to be followed in emerging pandemics, under
different levels of parameter uncertainty, i.e., different levels of accuracy predictions r.

Figure 10 presents a pairwise comparison between the cost of the robust strategy and the cost of
the average-based strategy, across increasing values of . Each red diamond corresponds to the robust
model’s cost under a different r value, with its corresponding average-case cost on the horizontal axis.

6 The values of the parameters of the SEIRD model along with the associated references are presented in Appendix A.1
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Figure 9. Empirical cost distributions under stochastic demand for three strategies: Current Practice, Average-
based model, and Robust model. Vertical lines indicate mean costs.

The blue star represents the deterministic solution with no uncertainty (r = 0), where both models
coincide.

A key insight from this plot is that the cost of the robust strategy shows minimal variation with
respect to v, while still offering substantial protection against adverse realizations. At r = 0.3, for
example, the robust model incurs an expected cost of roughly $285 million compared to about $413
million under the average-based model. This difference reflects the classic price of robustness: the
robust model intentionally incurs slightly higher cost under average-case or deterministic conditions by
allocating conservatively reserving capacity and spreading risk to guard against extreme but plausible
demand surges. In other words, this is the premium paid to ensure stable system performance when
uncertainty materializes. Importantly, the robustness pays off in worst-case realizations: although
the average-based strategy performs well under nominal demand, it incurs a significantly higher
cost when actual demand surges to the upper bound of the uncertainty set. This crossover, where
planning to the mean becomes more expensive than planning conservatively, marks a critical threshold
in robustness. Moreover, as r increases, this divergence becomes more pronounced. Atr = 0.8, for
example, the robust model incurs a cost of just over $294 million, while the average-based model’s
cost in the worst-case demand scenario exceeds $699 million. This widening cost gap underscores
the growing penalty of ignoring uncertainty at higher levels of variability. The figure also reveals
that all robust solutions remain consistently below the 45-degree line, confirming that for any level of
uncertainty, the robust model is always less exposed to tail-risk than its average-based counterpart.
This positions robust optimization not merely as a theoretical safeguard, but as a cost-effective strategy
for real-world settings where the true demand distribution is uncertain and potentially skewed toward
worst-case surges.
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Figure 10. Trade-off between the cost of the average-based model and its robust counterpart as a function of the
uncertainty parameter r.

Together, these results suggest that the robust model offers a compelling balance between pre-
paredness and efficiency. Although it sacrifices marginal cost in the nominal case, it avoids catastrophic
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outcomes when demand surges beyond forecasts, a scenario not only plausible but common in pan-
demic dynamics. The robust strategy effectively pays a premium (price of robustness) up front to limit
downside risk, leading to more stable operations and predictable financial exposure. In settings where
surge capacity is costly, healthcare access is politically sensitive, and forecasting is imperfect, such a
strategy offers considerable practical value.

5. Conclusion and Future Directions

This paper addresses the critical challenge of hospital bed scheduling during a pandemic, aiming
to minimize total healthcare costs, including those associated with patient rejection and other logistical
costs, under limited resource availability. During peak infection periods, hospital capacities can be
overwhelmed, potentially leading to higher mortality rates. As such, effective planning and allocation
of scarce resources become vital for ensuring adequate care delivery. To this end, we develop an
optimization-based framework that captures key dimensions of the bed scheduling problem. Our
model incorporates a three-pronged supply mechanism to enhance bed availability. First, we allow for
inter-hospital resource sharing, enabling the transfer of patients between hospitals to alleviate local
capacity pressures. Second, we model the expansion of capacity through in-situ or field hospitals,
which were widely deployed during recent pandemics. Third, we include a buffer of non-pandemic-
designated beds that healthcare agencies may temporarily reallocate for pandemic use. Together, these
mechanisms form a comprehensive approach to support more adaptive and resilient bed scheduling
during public health emergencies. Furthermore, recognizing the planning nature of the problem, we
integrate a predictive component into the optimization framework by leveraging an SEIRD compart-
mental model to forecast disease progression over a planning horizon. This enables the model to
anticipate patient demand based on the projected spread of the infection. However, given the inherent
variability in human behavior and interactions during a pandemic, patient demand is often highly
uncertain. To address this challenge, we extend our framework to a robust optimization formulation
that explicitly accounts for such uncertainties, ensuring that the proposed policies remain effective
even under adverse or unpredictable conditions.

Given the computational complexity of our model, we develop an equivalent reformulation
that reduces runtime by over 90%, making it significantly more scalable. We further analyze key
structural properties of the model, which offer useful insights into optimal bed scheduling strategies
under specific conditions. To demonstrate the practical value of our approach, we conduct a case
study based on COVID-19 data from the Northern Virginia (NOVA) region. Our results show that
the proposed method can reduce total healthcare costs by approximately 55% compared to current
practices. Moreover, the analysis highlights how strategic utilization of bed resources can balance the
trade-off between patient rejection—particularly for severe cases and logistical costs. The study also
underscores the benefits of resource sharing among hospitals, which helps better distribute patient
loads. A two-way sensitivity analysis is performed to jointly evaluate the impact of rejection costs and
the availability of additional resources (e.g., in-situ hospitals and buffer beds) on patient outcomes.
Finally, we present a simulation-based analysis for potential future pandemics, demonstrating that
robust solutions consistently outperform average-based strategies by around 39%. These findings
support the adoption of robust optimization approaches in pandemic planning, regardless of the
specific level of risk aversion.

Several promising future research directions emerge from this work. First, the compartmental
model used in this study assumes no interventions such as testing, vaccination, or lockdowns that could
mitigate the spread of infection and, in turn, alleviate pressure on the healthcare system. A valuable
extension would be to embed such interventions into the decision-making framework, allowing them
to be treated as control variables within the optimization process. While this would significantly
increase the model’s complexity both in terms of formulation and solution—it presents a rich and
impactful area for further exploration. Another important direction is to refine decision-making at the
hospital level, particularly in how each facility allocates beds between pandemic and non-pandemic
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patients. In this context, the buffer capacity, which we currently treat as a fixed parameter, could
instead be modeled as a hospital-specific decision variable. This enhancement would introduce greater
realism to the model, enabling it to support both detailed operational decisions at the hospital level
and broader strategic planning across healthcare agencies.

Data Availability Statement: The dataset used in this study for the NOVA COVID-19 number of infections is
available [42]: https://covid.cdc.gov/COVID-data-tracker/#trends_weeklydeaths_weeklydeathratecrude_51.
All other data sources are related to our model parameters and can be found in Section 4.1 in which we provide
references from published articles and /or websites.
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Appendix A Paper’s Notation

In Table A1 we present a summary of the paper’s notation.

Table Al. Summary of paper’s notation

Sets  Definition
Y set of hospitals
Q) set of in-situ hospitals
Z  set of symptom severity level
T time horizon
Parameters Definition
W/ cost of accommodating a patient in hospital p at time ¢
WF  cost of accommodating a patient in an in-situ hospital k at time ¢
gl cost of patient transfer from hospital p to hospital g
gPk cost of patient transfer from hospital rp to in situ hospital k
ciy cost of demand shortage of patient of type i at time ¢
di atient demand of type i at time ¢
B available buffer beds
QP bed capacity of hospital p
Q*  bed capacity of an in-situ hospital k
9P recovery rate in hospital p
7K recovery rate in an in-situ hospital k
O available tents
o number of tents that can be fit in an in-situ hospital k
N  population size
S;  number of susceptible subjects at time ¢
E; number of exposed subjects at time ¢
It  number of infected subjects at time ¢
R; number of recovered subjects at time ¢
D; number of deceased subjects at time ¢
B, B',and B*  average, lower, and upper bound values of the transmission rate
«  probability of incubated subjects turning back to S
p rate of incubated subjects moving to I
7y  recovery rate
6  mortality rate
T re-infection rate

Decision variables

Definition

xft allocated patients of type i to hospital p at time ¢
321" ; allocated patients of type i to an in-situ hospital k at time ¢
yf/;q transferred patients of type i from hospital p to hospital g at time ¢
ZZ ;k transferred patients of type i from hospital p to an in-situ hospital k at time ¢
Htp number of occupied beds in a hospital p at time ¢
HE  number of occupied beds in an in-situ hospital k at time ¢
b% number of buffer beds borrowed by hospital p at time ¢
u¥  whether or not to open an in-situ hospital k
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Appendix A.1 Parameter Values in the SEIRD Model

Parameter Value Reference

N 2.5M [61]
Io 500 -
B 0.175 -
B 0.25 -
B! 0.1 -
w 0.7 [62]
0 1/7 [63]
% 0.047 [64]
6 0.02 [43]
T 1/120 [41]

Table A2. Parameter Values in the SEIRD Model

We note that the exposure rates 8, B/, and B*, were calibrated to maintain a basic reproduction
value between [2.1,5.3] [65,66].

Appendix B Mathematical proofs

Proof of Proposition 1. Suppose that Problem MBSP has undergone the following modifications,

1. Decision variables yl t Y ,tp , Ip E

duced in Section 3.1.2, are added.
2. Constraints defined in Equations (10) and (11) are added.
3. The balance constraints defined in (12) are added.

and yl 4 7 ¥, and their associated non-negativity constraints, intro-

Similarly, suppose that Problem MBSP Equiv has undergone the following modifications,

1.  Decision variables yl t , yl t .z t , and yl t , and their associated non-negativity constraints, are
added.

2. Constraints defined in Equations (10) and (11) are added.

3. The balance constraints defined in (13) are added.

Clearly, the resulting modified versions of the above problems, i.e., (MBSP) and (MBSP-Equiv), are
the same given that the following two conditions are satisfied.

® (i) The balance constraints (12) and (13) are equivalent (with the equality replaced by inequality

in (13)).
®  (ii) The objective functions of the modified problems are the same.
Next, we prove that the above conditions, i.e., (i) and (ii), are satisfied.

(i) We can clearly see this condition follows directly from (10) and (11). However, in
(MBSP-Equiv), the equality is replaced by an inequality for the following reason. By having a
closer look at the objective function, we observe that its increasing in the state variables H/ and
Hf forallp € ¥,k € Q, and ¢ 6 7. But, H! is decreasing in yf’ 'tO and zp’0 and hence decreasing

inY;, Zp 1 yft +Y Zk 1 z wh1ch is the left hand side of the inequality. In a similar fashion

we can show that H! is 1r1creasmg in) !, ZP 1Yi; 7 and HF is increasing in Y7 YK, z; tk, in which

i Zp 1 yl +3Y Zk 1% t is the right hand side of the inequality. This means that the optimal
solutlon dictates that this constraint is tight.
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(ii) We prove that this condition is satisfied in what follows. For simplicity, we only deal with the
different terms, i.e., the terms related to the cost of exchanging patients, as the remaining terms are
exactly the same.

LYY L LY Y Y st (A1)

teT ieZ pe¥ ge¥ teT ieZ pe¥ keQ)
=LY Y Lilts L Y LAl
teT iel pe¥ ge¥ teT iel pe¥Y keQ)
1 1 1 1
193D I MIEETS S IO B DRSS B SO DD BEHEETD ) DD D D
teT ieZ pe¥ qe¥ teT ieZqe¥ pe¥ teT ieZ pe¥ keQ teT ieT keQ pe¥
1 1 1 1
LI MDD DD DD MV D DD DD DEAE T D DD B D14
teT i€ pe¥ teT iel qe¥ teT i€l pe¥ teT ieT keQ)
1 1 1
LYY () L e YA e E Y A (A2)
teT ieZ pe¥ teT ieZ pe¥ teT ieclkeQ)

where (A1) and (A2) are the respective objective functions of the modified version of (MBSP) and
(MBSP-Equiv).

As such, given that the modifications 1-3, i.e., the additional decision variables and constraints
are redundant for the original problem (MBSP), we conclude that the resulting modified versions
have the same optimal objective function as F*. In addition, since the modifications 1-2 applied to
(MBSP-Equiv) are also redundant, we have that 7694 = F*, thereby completing the proof. [J

Proof of Theorem 1. We first start by proving We prove Theorem 1.1 and then we prove we shift
attentions to proving Theorem 1.2. In the following two proofs, we consider the assumption presented
in Section 3.2, i.e., Y ok < O, means u’t‘ <1,Vt,k.

Theorem 1.1:

We prove Theorem 1.1 by contradiction. As such, suppose there exists a solution X = (x, x,vy,z,u,H, H, b)
such that feaulV(X) < feaulv(X) for all X. Note that any feasible solution to Problem MBSP-Equiv
can be written as follows,

Hf = Q4+ &'B —¢}(H), Vpe¥,vteT,
b} = "B — ¢} (b), Vpe¥,VteT,
uf =1—¢j(u), Vke QVte T,
Hf = Q" - &f(H), VkeQvte T,
= )y =), 2 =), 4 = (), Vpe¥,VkeQVteT,
Y+ Y m=Y Q+B+Y Q—¢ vieT,
peY keQ peY keQ)
>0, Y =1,
pe¥
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where 0 < e (H) < Qf6 0 <¢f(b) <BO<&(H) <Q0<em=<1,0<ey<qf
0<e(y)<Ql0<e’(z) <Ql,0< e (z) < QFand ¢ > 0. Now, we compute the difference in
the objective function value between X and X such that X satisfies (15), as follows:

fequiv (X) o fequiv (i) —

Yo ) WEek(H) + Y ) Wlel (H)

teT keQ teT peY
1 1 1
58 P (8}:'0(y) +€(t)'p(]/)> 58 Y Y )+ 58 IPIUC)
teT pe¥ teT peY teT keQ
+ Y c(—e),
teT

where the last term directly follows from nys > Sfys, Vt. Now with ¢ > 0, and with 8f(H ) < Qf,
< 0 0, 0 -

0< sf(b) <B, s’f(H) < Q’t‘, e’t‘(u) <1 ,ef (y) < Qf, € Ply) < Qf,ef (z) < Qf, and s?'k(z) < QFand

by Condition 14, we have that

>y ) WEek(H) + Yo Y Wlel(H)

teT keQ teT pe¥
1 0 0, 1 0 1 0,
+38 L L (P W+’ W)+ 58 L L@ 458 ¥oate) v
teT peY teT pe¥ teT keQ)

This implies that fe4UiY (X) — feduiv(X) < 0 which contradicts the fact that X is optimal. Therefore, we
deduce that

,0 0, ,0 , — e
ef(H) = ] (b) = ef(H) = ef () = e[ "(y) = &, (y) =] (2) = &/*(2) = =0, Vp, k..

This concludes that a solution X satisfying (15) under Condition 14 and the condition D}”° > S}°, Vt,
is optimal to Problem MBSP-Equiv, thereby completing the proof.

Theorem 1.2:
We now prove the second result of Theorem 1 in what follows. To that end, given that D}”® < 7%,
and given Condition 14, the optimal solution is to satisfy the demand, i.e, we have that

Yoxl+ Y & =d, VteT.
re¥Y keQ

Now that the dominating shortage cost is zero, the question becomes, how to optimally distribute

the d; number of patients over the available resources, given their respective costs. In addition, since

fe9UY js increasing in all transferring variables y! 9 y?’p , zf’o and z?'k for all p, k, t, then in the optimal

solution we have yf 0= y?’p = zf’o = z?’k = 0. This implies that, the problem reduces to a knapsack

problem, with bounded variables, which can be written as follows,

minimize Z Z w/ H{

teT jeJ
subjectto 0 < H{ < Qj + b{, vVieVY,
0<H <Q, Vien, (A3)
Y x=d
jeJ

H{H =(1 —Wf)H{er{, Vie I VteT.

The optimal solution to the above optimization problem can be obtained by solving for every point
in time t, a simple knapsack optimization problem, by optimally distributing d; over the hospitals,
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and then update the state variables using the dynamic equation of H; + 1. The solution to each
knapsack can be retrieved by a greedy algorithm, that dictates ranking the hospital resources in an
increasing order, of their operating costs, which is defined in 7, and filling these resources up to their
upper bounds (for more details, readers are referred to [67,68]). Assuming without loss of generality,
that the lowest cost is for a hospital and not for an in-situ hospital, This means that for j = 1, all
buffer beds can be used for hospital j = 1, with an increased capacity of Q' = Q! + B. This implies
that x} = min { max {0,d; —B— (Q' — (1—~9")H})}, Q' +B— (1 — 'yl)Htl}. As such, the left over
demand needs to be covered iteratively according to the optimal greedy approach, as follows
. i1
x] = min { max {0,di =B~ Y~ (Q"— (1= "})Hf)}, O — (1 - 1) Hf }

k=1
keJ

This directly implies that u¥ = 1, and hence since the cost of opening an in-situ hospital is 0, then the
optimal solution is to set u¥ = 1 for all k € Q, thereby completing the proof. [J

Proof of Proposition 2. The robust formulation of the objective function

f= max ) ZWtka—I—Z ZWPHP

4it€Dit (€T ke teT pe¥
2g222(y1t lt) ZSZZZZ +8ZZZZ
teT ieZ pe¥ teT ieZ pe¥ teT i€ keQ)
+chi,t{max{di,t— Y« - Y %0 }
teT iel re¥ ke
=Y Y WHH + Y Y WiH
teT keQ teT peY
ngZZ(ylt lt) ZSZZZZ +3ZZZZ
teT ieZ pe¥ teT ieZ pe¥ teT i€ keQ)
—l—Zcht max {max{dl-,t—le Z 710 }
teTicz  4it€Dis peY

This is simply because the only term that depends on d;; is the shortage part. Notice that f is clearly
increasing in d; ; and hence we have that

Zchtmax {max{di,t—szt Z it 0 }:ZZCi,t{maX{dZt—let )DEY it 0 }

teTicz  4it€Dis pe¥ teT ieZ pe¥ ke

This implies that solving the deterministic counter-pert, i.e., Problem MBSP-Equiv by setting d; ; = d,

foralli € Zand t € T,is equivalent to solving the robust formulation, with X}, thereby completing

robust’

the proof. O
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