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Abstract. During emergencies and pandemics, such as COVID-19 or
Mpox, the massive demand for critical resources, including hospital beds,
has significantly challenged healthcare systems. Reducing the pressure
on these systems is crucial and requires an efficient strategy for patient
allocation. This paper proposes a bi-objective optimization model to allo-
cate patients to hospital beds during emergencies, including pandemics.
The problem is formulated as a linear programming model. The first
objective is to minimize the cost of transporting patients to the nearest
hospitals, while the second objective is to minimize the cost of assigning
patients to available beds, guaranteeing that bed capacity is fully uti-
lized. We applied the weighted-sum method to combine objectives into a
single-objective instance to solve this problem. We tested the proposed
model using benchmarks from the literature with IBM Cplex Studio. The
findings provide healthcare analysts with valuable insights for creating
flexible and effective allocation plans during pandemics.

Keywords: Emergencies, hospital allocation, optimization, patient al-
location, bed assignment.

1 Introduction

One of the key challenges for public health systems during emergencies or pan-
demics is to allocate patients to the nearest and most appropriate hospital and
assign them to available beds. Therefore, it is necessary to determine the loca-
tions of healthcare facilities, the position of patients, and the volume of demand.
This task is part of a larger class of allocation problems in healthcare systems,
which deal with the process of allocating patients or resources including beds,
medical personnel, and equipment to existing healthcare facilities [4].

Hospital Allocation Problems (HAP) focus on assigning patients to hospitals
while considering several factors such as hospital capacity, patient needs, and
transportation logistics. The main goal is to minimize the total travel distance
for patients through a multi-objective optimization problem formulation. San-
tibanez et al. [9] in 2006, developed a mathematical model to optimize Fraser
Health’s inpatient hospital network in Canada, proposing two objectives using
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the weighted-sum method: (1) minimization of the total travel patient distance,
and (2) minimization of the total disruption cost to the existing system.
Mitropoulos et al. [10] employed constraint methods to distribute healthcare fa-
cilities effectively while minimizing travel distance for patients.

Furthermore, Beheshtifar et al. [11] introduced a multiobjective model integrat-
ing GIS analysis with a genetic algorithm, which addresses multiple objectives,
including travel costs and equitable access. In urban settings, Zghan et al [12]
tackled HAP using genetic algorithms to generate Pareto solutions, allowing
planners to evaluate trade-offs effectively. These studies highlight the signifi-
cant progress in understanding hospital allocation challenges, although many
approach these problems in isolation.

In contrast, a few studies focused on HAP in pandemics. For example, Li et
al. [13] in 2014, optimized patient access by minimizing travel distance. Their
mathematical models aim to predict resource shortages and optimize the distri-
bution of additional resources. The authors validated the proposed model using
a real case study from hospitals in Kentucky.

More recently, Devi et al. [14] proposed a mixed-integer linear programming
model for optimizing the location and allocation of temporary testing labora-
tories during influenza pandemic scenarios, including COVID-19. The model
aimed to minimize both the total cost and maximum travel time for testing,
with a case study in Maharashtra, India, demonstrating its practical application
for decision-makers.

In 2023, Tsai et al. [15] proposed single and multiple objective linear program-
ming models during a dengue fever outbreak. Focusing on minimizing patient
travel distance and additional resources like ICU beds, the model’s applicability
was tested through an empirical study in Ciudad del Este, Paraguay.

Allocation problems in healthcare systems involve assigning patients to hos-

pitals and allocating resources to those patients. Transitioning to the Patient
Bed Assignment Problem (PBAP), which specifically addresses the assignment
of patients to available beds as a single-objective optimization problem, these is-
sues have developed through several extensions, with an emphasis on both static
and dynamic situations [4][18].
Elective patients are allocated to beds in the static version for a predetermined
amount of time. Depending on their requirements, constraints in this context are
often classified as either soft (flexible) or hard (required) [5] [6]. The dynamic ver-
sion takes into account real-world uncertainties while rescheduling daily appoint-
ments for urgent patient assignments [1][2][3]. Due to PBAP’s NP-hardness [8],
several techniques have been developed, including exact algorithms and heuris-
tics like simulated annealing with local search and hybrid tabu-search [7][19].
Moreover, other works have combined machine learning techniques with opti-
mizing algorithms to deal with the PBAP complexity [20].

Despite the advances in both HAP and PBAP, researchers have often ex-
plored these as two separate issues [15]. Tsai et al. proposed combining these
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two problems into a multi-objective allocation problem, aiming to minimize the
total distance traveled by each patient and the cost of locating new hospitals.

In summary, while significant strides have been made to deal with HAP and
PBAP, gaps still exist in integrating these issues, particularly in emergency con-
texts.

Our paper introduces a bi-objective hospital bed assignment model (HBAP)
that integrates HAP and PBAP for the first time during emergencies. Our ap-
proach provides a comprehensive framework for optimal patient assignment to
beds based on their locations. Tsai et al.’s [15] work differs from our proposal in
that it addresses PBAP as a set of constraints and focuses on minimizing both
objectives related to travel distances, whereas our model introduces distinct ob-
jective functions and considers PBAP as one of these objectives. Specifically,
we focus on minimizing the total travel distance between the patient’s location
and the hospital, as well as minimizing the total assignment costs, which include
both the assignment and transfer costs from one bed to another.

We develop a mathematical programming model and employ a weighted-sum
method to determine a representative set of optimal Pareto solutions for the
static variant of PBAP.

The remainder of this paper is organized as follows: section 2 details the
problem description. Then, section 3 presents the problem formulation. Section
4 proposes the solution methodology. Section 5 reports the computational results.
The conclusion with some future work is given in section 6.

2 Problem description

In emergencies, hospitals aim to respond to the massive demand for medical
resources, particularly hospital beds. The main goal is to allocate the available
beds efficiently to ensure that all patients receive appropriate care. Suppose there
are two hospitals, H1 and H2, in the area where patient demand exists. Three
patients A, B, and C require critical and emergent care. Hospital H1 has one
available bed (B11), and Hospital H2 has two available beds (B21 and B22).
In such a situation, it is crucial to know the exact location of each patient to
determine the nearest hospital. Therefore, in our work, we address not only the
PBAP but also the HAP by identifying the closest hospital for each patient and
allocating them to an available bed in that hospital. We introduce a bi-objective
linear programming model to determine the optimal allocation. For instance, if
Hospital H2 is nearest to patients A and C, and Hospital H1 is nearest to patient
B, then the optimal assignment would be as follows: Patient A and Patient C
would be assigned to beds B21 and B22 in Hospital H2, respectively, while Pa-
tient B would be allocated to bed B11 in Hospital H1. Our goal is to minimize
the total travel cost, which includes the distance between the patient’s location
and the hospital, as well as the total assignment cost for patients in inappropri-
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ate beds, including the transfer cost between beds.

To address the complexity of the problem [8], we make the following assump-
tions:

— Homogeneous Bed Types: All hospitals are considered to have the same type
of beds, there is no difference between ICU beds and regular ones.

— Fixed Hospital sites: During an emergency, no new hospitals are built. The
locations of the existing hospitals are predetermined and fixed.

— Patient Arrival Rates: Patient arrival rates are known and constant.

— Single Assignment Rule: Each patient can be assigned to only one hospital
bed.

— Non-Transferability of Patients: Patients cannot be transferred from one bed
to another.

— Capacity Constraints: Each hospital has a maximum number of available
beds that it can accommodate.

— Mixed Rooms: In emergencies, the primary focus is on efficiently assigning
beds to patients; therefore, distinctions between male and female patients
are not considered in our model.

3 Problem formulation

We formulate the HBAP as a bi-objective linear programming problem. Table 1
reports the problem notations proposed in this study.

Optimizing this problem involves minimizing two objectives: (1) The first
objective is to minimize the cost of the travel distance from patients to hospital
locations. (2) The second objective is to minimize two components: The cost of
assigning patients to inappropriate beds and the cost associated with transfer-
ring patients.

Min Z, = Z Z Z Con * dph * Xppn; (1)

pEP h€e H beBy,

Min Zy = Z Z Z Costppn * Xppn + Z Z Z Z Wpvh X Tppin; (2)

pEP heH bEBy, pEP he H be By, k€By,
S/C
Y>> Xpn=1 VpeP (3)
heH beBy,
> Xpw=1 VheHbe B, (4)

peP
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Table 1: Problem notations

Parameters:

P Set of patients

By, Set of Beds in hospital h, indexed by b

H Set of hospitals

dpn Distance between patient p location and hospital h;
Costppn Cost of assigning patient p to bed b in hospital h;

Con Travelling cost from patient p location to hospital h;
Wpbh Cost of transferring patient p from bed b in hospital h

Decision Variables:

X = 1 if patient p is assigned to bed b in hospital h;
PP =3 0 Otherwise.

T ) 1if patient p is transferred from bed b to bed k;
pokh 0 Otherwise.

ZXpthBh Vh € H,b € B[h] (5)
peP
Z Tovkn < Xpp VpeP,beBp,he H (6)
keBh
Z Tovkn < Xpen Vo€ P ke B,,h e H (7)
be By,

The objective function aims to minimize the distance to the closest hospital
(1) and minimize the cost of Non-appropriate bed assignments(2), and Transfers
(3). Constraints (4) specify that each patient must be assigned to exactly one
hospital. Constraints (5) ensure that each patient is assigned to exactly one bed.
Constraints (6) guarantee that the total number of assigned patients does not
exceed the capacity of each hospital in terms of available beds. Constraints (7)
and (8) define the transfer constraints if a patient is transferred from one bed
to another.

4 Solution methodology

In emergency scenarios where rapid decision-making is critical, we utilize the
popular weighted-sum (WS) method to address the HBAP due to its speed and
clarity, making it particularly well-suited for real-time applications. By assigning
a weighting coefficient w; to each objective function, the WS technique converts
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the initial bi-objective issue into a single objective problem. Then, by altering
the weights of the goals, it resolves a sequence of single-objective HBAPs [16]
[17]. Due to its ease of implementation and comprehension, the WS approach is
widely utilized [16]. For all ¢ = 1, ..., k, we assume that the weighting coefficients
w; are non-negative and normalized. The normalization of weights ensures that

Zf:l w; = 1.

The HBAP is then transformed into the following problem:

minimize Z = wyZ(x) + weZa(x) (8)
subject to (4) —(8)

We obtain a set of Pareto solutions by solving a sequence of single-objective
HBAP (WS) problems using various combinations of w; and wy values. We note
that the values of w; and wy are modified at each iteration to determine the
best solution.

5 Computational results

In this section, we present six benchmark instances from the literature [15] to
solve the Bi-objective HBAP, as given in Table 2a. These instances contain more
than 200 patients. These instances can be categorized into two classes. The first
class consists of small instances (1 to 3), which have 84 beds. The second class
comprises instances 4 to 6, which are larger sets composed of more complex test
problems with a number beds ranging from 84 to 141 and a greater number of
patients.

This benchmark investigation was conducted with data from a Ciudad del
Este-based privately operated healthcare cooperative in the Paraguay Oriental
Region. This data instance includes a total of six hospitals. Table 2b lists the
number of beds available in each of the six hospitals during an outbreak.

Based on an estimated population per sector, Ciudad del Este’s entire area
can be divided into nine parts. Table 2¢ presents the number of demands per
area for each instance, while Table 2d displays the distances between the poly-
gon centroids of the six hospitals and the nine population regions.

Experiments in this paper were performed using Cplex 12.10 running on
2.40GHz Intel(R) Core(TM) i5 with Windows 10. Table 3 presents the Pareto-
optimal solutions identified for both small and large instances. Using the CPLEX
Studio optimizer, the model provides an optimal solution for each objective func-
tion, Z1, and Zs, in each instance, with an execution time of around 5 minutes for
the largest instances. For the bi-objective model Z, decision-makers can choose a
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Table 2: Benchmark dataset

(a) data set instances (b) Hospital beds capacity
Instance|Patients|Hospitals| BEDS Hospitals |H1|H2|H3|H4|H5|H6
1 81 6 84 Beds 24| 20| 21| 5| 8] 6
Small instances 2 125 6 84 Extension| 0] 0] 7|27] 0|23
4 145 6 84
3 156 6| 141
Large instances 5 251 6| 141
6 251 6| 141
(c) Patients demands per area (d) Distance between hospital lo-
Arcalins.1]ins.2]ins.3]ins.4]ins. 5]ns.6 cation and patient area per Km
Al 12 5/ 17| 23| 33| 36 Hospitals Location (Km)
A2 19| 17, 31| 28| 39| 44 Area|H1 |H2 |H3 |H4 |H5 |H6
A3 14| 25| 23] 24| 37| 35 Al |7.37|6.89|7.19(6.80|8.08(9.19
A4 3| 16| 11| 14| 21| 22 A2 |4.99|3.99|3.43]4.93|4.99|5.82
A5 11| 12} 21} 29| 38| 37 A3 (3.19]2.30|2.28|2.95|3.50(4.52
A6 10| 24| 17| 15| 30| 27 A4 (2.56|2.17|1.56|3.18]1.63|1.56
A7 5/ 14| 11 8 19| 18 A5 |7.11|7.59|8.56(6.47(8.11|8.93
A8 0 7 5 71 121 10 A6 |1.47|1.60|2.57]0.79(2.39|3.44
A9 7 5 9 8| 22| 22 A7 |2.49|2.78|2.77|3.19|1.60(0.50
A8 (2.02]|2.96|3.95/1.78|2.83|3.39
A9 [3.77|4.40(4.59|4.39|3.18|2.20

solution by assigning different weight combinations based on their specific prior-
ities. We discuss three different weight combinations for the two objectives, wy,
and ws, to reflect varying preferences. In the first scenario, the decision-maker
places greater emphasis on minimizing travel distance, with weights of 0.7 for
wi and 0.3 for ws, indicating a higher concern for service quality. In the second
scenario, the objectives are weighted equally (w; = 0.5, we = 0.5), reflecting
a balanced consideration of both service quality (traveled distance) and assign-
ment cost. In the third scenario, the decision-maker prioritizes cost-efficiency,
assigning weights of 0.3 to w; and 0.7 to ws, thereby signaling a stronger focus
on minimizing assignment costs.

Figure 1 displays the optimal solutions for the three scenarios. Firstly, solu-
tions 1, 2, and 3 demonstrate a reduced operational cost by the proposed model,
with an average reduction of approximately 27.76%. Secondly, solutions 2 and 3,
are dominated by solution 1, where wy; = 0.7 and ws = 0.3, indicating that the
travel distance cost is prioritized over the assignment cost. However, in instances
5 and 6, the costs are identical, as they involve the same number of patients and
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available beds. The only difference is in the distribution of demands per area.
The identical solution implies that not all patients are admitted to hospitals, and
given that the type of beds is the same, costs remain unchanged. This highlights
the importance of further investigating HBAP with specific bed types, partic-
ularly to address the outcomes observed in instances 5 and 6. These results
indicate that our integrated decision model and solution methods are effective
only for small instances.

9000
8000 ==fr==Scenario 1
(0.7,0.3)
7000
2 6000 === Scenario 2
§ 5000 (0.5, 0.5)
T 4000 _
|9 3000 Scenario 3
(0.3,0.7)
2000
1000
0
1 2 3 4 5 6
Instances
Fig. 1: Solutions obtained by WS
Table 3: Experimental results
Cost Cost Cost CPU
Instance|Patients|Hospitals|Beds|scenario 1|scenario 2|scenario 3|time
(0.7, 0.3) |(0.5, 0.5) [(0.3, 0.7) |(min)
1 81 6| 84| 2722,572| 2125,98| 1529,388| 3,63
Small instances 2 125 6] 84| 4201,375| 3280,625| 2359,875| 4,98
4 145 6| 84| 4873,595| 3805,525| 2737,455| 3,16
3 156 6| 141| 5243,316| 4094,22| 2945,124| 4,56
Large instances 5 251 6| 141| 8436,361| 6587,495| 4738,629| 7,51
6 251 6| 141| 8436,361| 6587,495| 4738,629| 4,82
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6 Conclusion

In this paper, we propose a bi-objective HBAP for emergencies that uniquely
integrates both HAP and PBAP. The presented model is formulated as a lin-
ear programming problem, with the first objective aimed to assign patients to
the closest hospital in terms of distance, while the second objective focuses on
assigning patients to the available beds within the selected hospital.

To validate this proposal, we conducted 6 benchmark instances from the
literature, aiming to solve the bi-objective model as a single objective HBAP
using the weighted sum method. Through our experiments, We explored three
different scenarios with varying weights to assess the relative importance of each
objective function.

The results demonstrated that the model performs effectively with small
instances; however, for the largest instances, we observed similar outcomes, in-
dicating a need for further enhancement.

Our findings suggest several future directions for research. Specifically, we
propose extending the model to incorporate different types of beds and other
relevant resources to ensure better assignments that meet patient demands dur-
ing emergencies. Additionally, exploring the dynamic version of the bi-objective
HBAP could provide insight into real-time decision-making processes in health-
care settings. Furthermore, integrating alternative solution methods, such as
epsilon-constraint techniques, or metaheuristic approaches, could enhance the
robustness of our proposal.

In summary, our integrated approach not only contributes to the optimization
of hospital bed allocation but also opens avenues for future research, enhancing
the capacity of healthcare systems to respond effectively during emergencies.

References

1. Bilgin, Burak and Demeester, Peter and Misir, Mustafa and Vancroonenburg, Wim
and Vanden Berghe, Greet One hyper-heuristic approach to two timetabling problems
in health care. Journal of Heuristics 18 (2012): 401-434.

2. Ceschia, Sara, and Andrea Schaerf. Modeling and solving the dynamic patient admis-
sion scheduling problem under uncertainty. Artificial intelligence in medicine 56.3
(2012): 199-205.

3. Ceschia, Sara, and Andrea Schaerf. Dynamic patient admission scheduling with op-
erating room constraints, flexible horizons, and patient delays. Journal of Scheduling
19 (2016): 377-389.

4. Abdalkareem, Zahraa A., et al. Healthcare scheduling in optimization context: a
review. Health and Technology 11 (2021): 445-469.

5. Demeester, Peter, et al. A hybrid tabu search algorithm for automatically assigning
patients to beds. Artificial Intelligence in Medicine 48.1 (2010): 61-70.

6. Ceschia, Sara, and Andrea Schaerf. Local search and lower bounds for the patient ad-
mission scheduling problem. Computers & Operations Research 38.10 (2011): 1452-
1463.

7. Liu, Haichao, Yang Wang, and Jin-Kao Hao. Solving the patient admission schedul-
ing problem using constraint aggregation. European Journal of Operational Research
(2024).



Bi-objective Hospital Bed Assignment Problem in Emergencies 145

8. Vancroonenburg, W., D. Goossens, and F. Spieksma. On the complexity of the pa-
tient assignment problem. Tech. rep., KAHO Sint-Lieven, Gebroeders De Smetstraat
1, Gent, Belgium (2011).

9. Santibanez P, Bekiou G, Yip K. Fraser health uses mathematical programming to
plan its inpatient hospital network. Interfaces 2009;39(3):196-208.

10. Mitropoulos P, Mitropoulos I, Giannikos I, Sissouras A. A biobjective model for
the locational planning of hospitals and health centers. Health Care Manage Sci
2006;9:171-9.

11. Beheshtifar, Sara; Alimoahmmadi, Abbas . A multiobjective optimization ap-
proach for location-allocation of clinics. International Transactions in Operational
Research, 22(2), 313-328. (2015)

12. Zhang, Wenting, et al. A multi-objective optimization approach for health-care
facility location-allocation problems in highly developed cities such as Hong Kong.
Computers, Environment and Urban Systems 59 (2016): 220-230.

13. Sun, Li; DePuy, Gail W.; Evans, Gerald W. Multi-objective optimization models for
patient allocation during a pandemic influenza outbreak. Computers & Operations
Research, 51(), 350-359. 2014

14. Devi, Yashoda, Sabyasachi Patra, and Surya Prakash Singh. A location-allocation
model for influenza pandemic outbreaks: a case study in India. Operations Manage-
ment Research (2021): 1-16.

15. Tsai, Jung-Fa, et al. Solving patient allocation problem during an epidemic dengue
fever outbreak by mathematical modelling. Healthcare. Vol. 10. No. 1. MDPI, 2022.

16. Tang, Lianhua, et al. Bi-objective optimization for a multi-period COVID-19 vac-
cination planning problem. Omega 110 (2022): 102617.

17. Stanimirovic, Ivan P., Milan Lj Zlatanovic, and Marko D. Petkovic. On the linear
weighted sum method for multi-objective optimization. Facta Acta Univ 26.4 (2011):
49-63.

18. Dorgham, K., Ben-Romdhane, H., Nouaouri, I., Krichen, S. (2020). A Decision
Support System for Smart Health Care. In: Gupta, N., Paiva, S. (eds) IoT and
ICT for Healthcare Applications. EAI/Springer Innovations in Communication and
Computing. Springer, Cham.

19. Jedidi, H., Nouaouri, I., Ben-Romdhane, H., & Krichen, S. (2024). Min-Conflict
Heuristic Approach for Elective Patient Bed Assignment Problem. 2024 10th Inter-
national Conference on Control, Decision and Information Technologies (CoDIT),
1424-1429. doi: 10.1109/CoDIT62066.2024.10708386

20. Jedidi, H., Ben-Romdhane, H., Nouaouri, I., & Krichen, S. (2024). A two-stage
approach combining machine learning and optimization for the hospital patient bed
assignment problem in emergencies. Procedia Computer Science, 246, 4316-4324.
doi: 10.1016/j.procs.2024.09.281



146 H. Jedidi et al.

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.


http://creativecommons.org/licenses/by-nc/4.0/

	Bi-objective Hospital Bed Assignment Problem in Emergencies



