®

Check for
updates

A Two-Stage Optimization Method for Cross-Hospital
Bed Sharing Based on Multidimensional Clustering and
Mixed Integer Programming

Hongze Qiu, Qiang Su”
School of Economics & Management, Tongji University, Shanghai, 200092, China

*Corresponding author. Email: sug@tongji.edu.cn

Abstract. To address the global challenge of "coexisting structural surplus and
absolute shortage of medical resources", this paper proposes a two-stage opti-
mization framework integrating multi-dimensional clustering and mixed-integer
linear programming (MILP) for hospital clustering research, aiming to optimize
resource allocation through cross-hospital bed sharing. Based on data from 9,773
patients in the ICU wards of 20 Swiss hospitals, a weighted K-means clustering
model is first constructed to dynamically partition hospital clusters. On this basis,
a mixed-integer programming model is designed with the goal of minimizing
social total costs. Empirical studies show that within a 21-day steady-state cycle,
patient waiting costs are reduced by 96.2%. Sensitivity analysis reveals that a
distance penalty coefficient =2 and a complementary reward coefficient
=1,500 represent the Pareto optimal thresholds. This framework breaks through
the limitations of traditional single-hospital, single-dimensional optimization and
pioneers a dynamic feature fusion and multi-objective equilibrium mechanism. It
provides a quantifiable tool for regional medical resource coordination and
scheduling, supports governments in building hierarchical medical platforms and
emergency responses to public health incidents, and its parameter adaptive
mechanism can be extended to optimization scenarios of medical resources such
as hospital-wide bed sharing and equipment sharing.
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1 Introduction

Global healthcare systems exhibit severe bed utilization imbalances, with overcrowded
top-tier hospitals (110% occupancy in developed nations, 88.49% in China’s tertiary
centers) contrasting underused primary facilities (40% global vacancy, 54.1% in Chi-
na). Current research focuses on intra-hospital management, lacking cross-institutional
coordination and plagued by static clustering and unquantified cost-benefit tradeoffs.
This study introduces a two-stage framework integrating multi-dimensional K-means
clustering and MILP optimization to enable cross-hospital bed sharing. The dynamic
clustering model synthesizes hospital rankings, capabilities, and patient profiles, while
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the MILP model balances social costs and accessibility via distance penalties (0=2) and
complementary rewards (f=1,500). Empirical analysis of 9,773 ICU patient records
from 20 Swiss hospitals (March 10-30, 2023) demonstrates a 96.2% reduction in
waiting costs within 21 days, with transfer costs at 0.1% of total expenditures. The data
used in this study are derived from the medical records of 9,773 patients in the ICU
wards of 20 large hospitals in Switzerland, with the selected steady-state time interval
for patient inventory being March 10 to March 30, 20231

2 Clustering Analysis for Cross-Hospital Bed Sharing

2.1  Multidimensional Clustering of Hospital Categories

This chapter conducts category clustering of hospitals from multiple dimensions. This
chapter proposes a weighted K-means clustering algorithm integrated with feature
engineering, which achieves intelligent grouping of medical institutions by construct-
ing multi-dimensional hospital feature profiles. The complete formula of the clustering
model is:

2
Cluster = arg min 3, Sreq, T (w52~ ) (1)

Where uj and o; are the mean and standard deviation of feature j. To further adapt
to variations: Feature Engineering: Expand the patient profile vector to include ad-
ditional demographic attributes and medical need indicators. Dynamic Weighting:
Introduce adaptive weights in the clustering model to prioritize critical medical needs.
Cluster Validation: Use domain-specific metrics to validate cluster groupings and

refine feature selection!?.

2.2 Modeling

This chapter constructs a MILP model to evaluate the hospital clustering method and its
effectiveness. The optimization problem involves the following decision variables,
system parameters and governing coefficients:

Decision-making variables: 6;; (binary): Transfer initiation between hospitals i
and j; x;; (continuous): Number of patients transferred from i to j. Basic parameter:
d;; : Distance between hospitals; c: Unit transfer cost per distance; a: Distance penalty
coefficient; B;: Bed capacity; s;: Average bed shortage; L;: Average length of stay;
P;: Initial patient count; w;: Average queued patients; D;: Mortality rate; c;: Average
poverty index. Economic parameters: . Revenue per admitted patient; 5: Demand
complementarity reward coefficient; w: Daily waiting cost per patient; p: Mortality cost
coefficient; u: Poverty index impact coefficient’®!. Cluster optimization parameters:
cat;: Hospital category; y: Same-category cluster reward; A: Clustering benefit balance
coefficient. Of course, to simplify the model, parameters such as Staffing Costs,
Equipment Utilization, Risk-Adjusted Penalties, Insurance Reimbursement, and mul-
ti-objective-programming have not been taken into account.
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Minimization of Social Costs:

Model Objective
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Among them, the bed shortage cost (patient waiting cost) component is:

e (10 —¢;) - W (Wi + Xjai Xji — Djai Xij) (3)
The patient medical cost component is:
we (10 —c¢) Ly +p- D] (P + Xjui Xji — Xjei Xij) “4)
The distance cost generated by cross-hospital transfers is:
¢ Xjeidij " Xij (5)

The rewards and penalties for medical quality after clustering are:

Bi—PY=(Bj—-Pp|

ALi<jbij(a-dij — B (575)) y - caty;) (6)
The constraints of the model are as follows:

6y =1,Vi 7

51‘;‘ = 5;" (3

0ij + 6 -1=< 6y, Vi jk 9)

x;j <M:6;;,Vi#j, M=max(Pi) (10)

Xii + Xj=iXji < B; (11)

Xy = P, —w; = min(P;, B;) (12)

YjxiXij S W (13)

5,€{0,1},V1i,j (14)

xj= 0 (15)

xi;; € N (16)

Among them, Equation (7) satisfies the reflexivity constraint, Equation (8) satisfies
the symmetry constraint, Equation (9) satisfies the transitivity constraint, Equation (10)
is the constraint limiting transfers within the same cluster, Equation (11) satisfies the
bed capacity constraint, and Equation (12) satisfies the flow balance constraint.
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2.3  Cost Comparison before and after Clustering

To solve the model, the initial parameter settings are given as follows:

w: 1450, ¢: 2, a: 2, §: 1500, y: 100, A: 100, u: 0.2, p: 5.

In order to compare the social total costs and various cost components between the
traditional scheme without cross-hospital bed sharing and the scheme with
cross-hospital bed sharing, it is necessary to calculate the social total cost and its cost
components of the traditional scheme®,

Xilw-(10—c) wHw-[p-(10—c)-L; + p-Di] /L] 17)
The cost comparison before and after clustering is shown in Table 1:

Table 1. Cost comparison before and after clustering

Clustering Method ~ Traditional Scheme

Total social cost 19,419,326.89 20125007.03
Patient medical cost 100.6% 68.9%
Bed shortage cost (waiting cost) 1.2% 31.1%
Cross-hospital transfer cost 0.1% —
Clustering quality rewards and penalties 1.8% —

3 Sensitivity Analysis

To verify the robustness of the model parameter settings, this study conducts a sys-
tematic sensitivity analysis on four key parameters influencing medical resource allo-
cation decisions: a, B, v, A.

In this section, a single-factor rotation analysis method is adopted. With other pa-
rameters kept at their baseline values (a=2, p=1500, y=100, A=100): The distance
penalty coefficient o is uniformly sampled at 10 points within the interval [0, 3]; The
complementarity reward coefficient B is uniformly sampled at 10 points within the
interval [800, 2500]; The category clustering coefficient y is uniformly sampled at 10
points covering the range [0, 200]; The clustering weight A is tested at 10 gradients

within [100, 1000]. The sensitivity analysis of key parameters is shown in Figure 1.
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Fig. 1. Sensitivity Analysis of Key Parameters on Cost



74 H. Qiu and Q. Su

The single-factor rotation analysis method is also used, the sensitivity analysis of

key parameters is shown in Figure 2.
parameter _value _num cluster
0

1 {0:10,1,2,3, 4,5,6,7,8,9,10,11,12,13,14, 15,16, 17, 18, 191}
1 2 {0:10,1,2,3,4,5, 8,9,10, 11, 12, 14 15 16 17 18 1‘)] 6:[6,7,13
* 2 6 {0: [0, 3], 1: [1, 5, 8, 191,2: [2, 9, 10, 11 12 14 15 17 18] 4 [4], 6: [6, 13],7 [7,16]
3 8 £0:10.3).1: [1,5.8.19]. 2:[2.9.10.12 14, 1517 18], 4: 141, 6:[6.13], 7: [7]. 11: [11]. 16: [16]}
800 8 {0: 10, 31, 1: [1, 5,8,19], 2:[2,9, 10, 12, 14, 15, 17, 18], 4: [4], 6: [6, 13], 7: [7], 11: [11], 16: [16]}
1500 6 {0: [0, 3],1:[1,5, 8,19],2: 12,9, 10 11, 12 14 15,17, 181,4: [4],6: [6, 13],7: [7, 161}
B 2000 5 {0: 10,31, 1: [1,4,5,8,191,2: 2,9, 10,11,12,14 15,17,18], 6:[6, 131, 7: [7, 16]}
2500 4 £0:10.2.3.9.10. 11, 12.14.15.17.18] 1: [1. 4. 5.8.13.19].6: [6]. 7: [7, 16]}
50 7 {0: 10,31, 1: 1, 5, 8,191, 2: [2,9, 10, 12, 14, 15,17, 18], 4: [4], 6: [6, 13], 7: [7, 16], 11: [111}
100 6 {0: [0, 3], 1:[1, 5,8, 191,2: [2,9, 10, 11, 12, 14 15 17, 18], 4: [4], 6: [6, 13], 7:[7, 16]
Y 150 6 {0: 10,31, 1: 1, 5,8, 13,19],2: [2,9,10, 11,12, 14, 15,17, 18], 4: [4], 6: [6], 7: [7, 16]
200 6 {0:10. 3. 1: 11,58, 13 19].2: [2.9.10. 11,12 14, 15,17, 18] 4:[4], 6:[6]. 7: [7. 16]
100 6 {0: 10, 3], 1:[1, 5,8, 191,2: [2,9, 10, 11, 12, 14, 15,17, 18], 4: [4], 6: [6, 13], 7: [7, 16]
N 400 6 {0: 10,31, 1:1, 5, 8, 19],2: [2,9,10, 11,12, 14, 15,17, 18], 4: [4], 6: [6, 13], 7: [7, 16]
700 6 {0: [0, 3], 1:1, 5,8, 19],2: [2,9,10, 11,12, 14, 15,17, 18], 4: [4], 6: [6, 13], 7: [7, 16]
1000 6 {0:10.3).1: 11,58 19].2: [2.9.10. 11,12 14, 15,17, 18], 4:[4]. 6:[6,13]. 7: [7, 16]

Fig. 2. Sensitivity Analysis of Optimal Hospital Clustering Scheme

The results can provide framework adjustments in the event of a public health
emergency: Priority-Based Clustering: Temporarily override default weights to
prioritize critical factors; Relaxed Constraints: Suspend bed capacity limits for over-
flow facilities and reduce distance penalties; Dynamic  Scaling: Increase the com-
plementarity reward coefficient to incentivize rapid resource pooling.

4 Conclusions

This study addresses the resource scheduling problem in cross-hospital bed sharing by
proposing a two-stage optimization framework of "multidimensional clustering-mixed
integer programming (MILP)". Through theoretical modeling and empirical analysis, it
is concluded that cross-hospital clustering improves resource matching efficiency,
solving the problem of traditional static clustering ignoring the spatiotemporal volatil-
ity of medical demand. The mixed integer programming achieves multi-objective
equilibrium by constructing a MILP model with multiple parameters, aiming to min-
imize total social costs and quantify multi-dimensional conflicts such as bed shortage
costs, patient medical costs, cross-hospital transfer costs, and clustering quality re-
wards/penalties. Empirical results show that:

o Patient waiting costs decreased from 6,245,000 units to 237,000 units, verifying the
significant alleviation of treatment delays through cross-hospital scheduling;

e Cross-hospital transfer costs account for only 0.1% of total costs, demonstrating the
feasibility of global optimization at low transfer costs;

e Clustering quality rewards/penalties contribute 1.8% cost savings, highlighting the
positive effect of complementary hospital clustering on resource allocation.

o Sensitivity analysis further indicates that:

o The distance penalty coefficient a=2 and complementarity reward coefficient
B=1500 represent Pareto optimal thresholds, beyond which the marginal benefits of
strengthening geographic constraints or complementary incentives approach zero;
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e Each 100-unit increase in the clustering weight A reduces total costs by 3.22%
(R?=0.9998), confirming that regional medical clustering is a core pathway to reduce
system costs.

By integrating multidimensional clustering and mixed integer programming into
cross-hospital bed scheduling, this study breaks through the limitations of traditional
single-hospital, single-dimensional models and provides a scalable framework for
collaborative medical resource allocation. It also proposes a clustering quality evalua-
tion system based on Manhattan distance costs and demand complementarity coeffi-
cients, addressing the problem of "coexisting structural surplus and absolute shortage"
in medical resource scheduling. Additionally, it offers quantitative tools for govern-
ments to build regional medical resource sharing platforms: adjusting the comple-
mentarity reward coefficient between hospitals and balancing coefficients for direct
medical benefits versus clustering quality can dynamically adapt resource scheduling
strategies to regions of different scales. This research also has extendable applications
in other industries—the framework can be migrated to fields such as hospital-wide bed
pooling, pharmaceutical distribution, and medical equipment sharing, enabling
cross-institutional resource collaboration by replacing feature dimensions!®. The pa-
rameter adaptive mechanism supports personalized policy design, such as increasing
the weight of comprehensive poverty indices in high-poverty areas to strengthen the
social welfare orientation of resource allocation.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
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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.
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