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A B S T R A C T   

A regional healthcare coalition enables its member hospitals to conduct an integrated emergency supply man-
agement, which is seldom addressed in the existing literature. In this work, we propose a two-stage stochastic 
emergency supply planning model to facilitate cooperation and coordination in a regional healthcare coalition. 
Our model integrates pre-disaster emergency supplies pre-positioning and post-disaster emergency supplies 
transshipment and procurement and considers two planning goals, i.e., minimizing the expected total cost and 
the maximum supply shortage rate. With some comparison models and a case study on the West China Hospital 
coalition of Sichuan Province, China, under the background of the COVID-19 epidemic, we demonstrate the 
effectiveness and benefits of our model and obtain various managerial insights and policy suggestions for 
practice. We highlight the importance of conducting integrated management of emergency supplies pre- 
positioning, transshipment and procurement in the regional healthcare coalition for better preparation and 
responding to future potential disasters.   

1. Introduction 

Over the past 20 years, disasters of all kinds, such as earthquakes, 
tsunamis, volcanoes, floods, storms, and epidemics, have occurred with 
increasing frequency, causing a large number of casualties and sub-
stantial economic losses. The International Federation of Red Cross and 
Red Crescent Societies reports that between 2008 and 2017, natural 
disasters affected 2 billion people and led to over 1658 US$ billion 
economic damage all over the world [1]. 

After a disaster, lacking and delivering delay of emergency supplies 
can greatly undermine the emergency response, causing more human 
suffering. For example, the scarcity of masks, medical protective clothes, 
and other medical materials created great social panic worldwide and 
hindered various epidemic control measures at the beginning of the 
coronavirus disease 2019 (COVID-19) epidemic. As emergency supplies 
play a key role in treating victims and preventing the spread of the 
epidemic, effective emergency supplies management is vital for the 
emergency response to a future epidemic. Field practices indicate that 
establishing an emergency supply pre-positioning plan helps to ensure 
that hospitals and other emergency responders can readily obtain 
emergency supplies for disaster relief. The plan is set before disasters to 

pre-stock various emergency supplies (e.g., medicine, food, water, 
medical equipment) in some strategic emergency warehouses, which are 
activated after disasters to send out supplies to demand sites and to 
receive supply replenishment from emergency suppliers. However, the 
emergency supply planning process is complicated due to uncertain 
disaster impacts, and it becomes more challenging to consider multiple 
contradictory emergency management goals. Enhancing the coopera-
tion and coordination among various emergency responders is a key to 
addressing such challenges. In particular, a healthcare coalition enables 
various hospitals to collaborate better to improve their emergency 
supplies management outcomes. 

The healthcare coalition is defined as a collaboration among 
healthcare organizations or entities in a specific region that collaborate 
in preparing for and responding to public health emergencies in the 
manner of mutual sharing and aid [2]. Healthcare coalitions help to 
distribute patients, share scarce medical resources and formulate and 
implement disaster care standards cooperatively [3], hence are essential 
for responding to large-scale disasters with a large number of casualties 
or patients. Specifically, a typical healthcare coalition includes one big 
(higher-level) central hospital and several small (lower-level) allay 
hospitals, which are under the guidance of the central hospital. The 
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influences of lower-level healthcare organizations on the efficiency of 
higher-level healthcare organizations in the same region have been 
recently discussed in the literature [4,5], and there is also recent evi-
dence pointing to the “size matters” factor regarding hospital efficiency 
[6]. In general, a healthcare coalition has three main functions under 
emergency: First, rescue information sharing between coalition mem-
bers and authorities could be promoted, which will lead to consistent 
situational awareness; Second, it acts as an interface, which helps to 
improve the efficiency of rescue by accelerating supply sharing and 
support between coalition members and relevant authorities; Third, it 
encourages the coordination of member organizations so that the rescue 
goals, strategy, and tactics are consistent [2]. 

In a healthcare coalition, coordinated emergency supply support, i. 
e., delivering emergency supplies between various member hospitals, is 
possible and vital if emergency demands of a member hospital exceed 
the pre-stocked emergency supply amounts of that hospital, and the 
extra demands should be satisfied as soon as possible. Such a practice is 
common at the beginning of the COVID-19 epidemic. It is reported that 
the healthcare coalition of West China Hospital (WCH), which is in 
Sichuan Province of China, employs coordinated emergency supply 
support to resolve the problem of lacking emergency supplies at some 
member hospitals. However, the WCH coalition still faces great chal-
lenges since it fails to conduct an integrated emergency supply pre- 
positioning considering uncertain epidemic impacts before the 
epidemic. Therefore, how to enhance the integrated pre- and post- 
disaster emergency supply management insides a regional health care 
coalition is a crucial practical issue. Although various factors, such as 
uncertain demands, a limited number of emergency vehicles, traffic 
congestion, perishable supplies, and damaged warehouses, are investi-
gated in the existing emergency supply literature, integrated emergency 
supply planning for a regional healthcare coalition is understudied. 

Inspired by both field practices and the literature, we tackle an in-
tegrated emergency supply management problem for a regional 
healthcare coalition in this study. Our contributions are threefold: 1) We 
build a two-stage stochastic programming model to conduct integrated 
planning on the pre-disaster emergency supplies pre-positioning and the 
post-disaster supplies transshipment and procurement in a regional 
healthcare coalition; 2) Our solution explicitly considers two planning 
goals, i.e., cost-effectiveness and emergency service equity; 3) With a 
case study, we provide managerial insights and policy suggestions for 
improving the emergency supplies management of healthcare co-
alitions. The remainder of this article is organized as follows: Section 2 
conducts a literature review; Section 3 formally describes our planning 
problem and presents our model formulation; Section 4 conducts a case 
study on the WCH coalition in China to obtain managerial insights and 
policy suggestions; Section 5 concludes our study and proposes future 
research directions. 

2. Literature review 

To figure out the research gap, we conduct a literature review from 
two aspects: the various emergency supply planning models, which are 
systematically reviewed by Caunhye et al. [7], Özdamar and Ertem [8], 
Sabbaghtorkan et al. [9], and the research related to healthcare 
coalitions. 

The pre-disaster preparedness and the post-disaster response stages 
are directly related to the disaster occurrence. In the preparedness stage, 
emergency supply management issues, like deploying strategic ware-
houses or facilities and pre-positioning emergency supplies, are widely 
addressed, and some relevant studies are conducted by Salas et al. [10], 
Galindo and Batta [11] and Zhang et al. [12]. In the response stage, how 
to effectively manage the limited emergency supplies attracts a lot of 
research efforts. Some typical response-stage research issues include 
emergency inventory control [13,14], emergency service facility loca-
tion and allocation [15–17], emergency facility location and routing 
[18], and emergency supply allocation or transportation [19–24]. More 

recently, Fragkos et al. [25] deal with post-disaster supply planning for 
shelters and emergency management crews. Safaei et al. [26] build an 
integrated bi-level framework for relief logistics operations considering 
supply risk and demand uncertainty. Yin and Büyüktahtakın [27] pro-
pose a multi-stage stochastic epidemic-logistic model, which considers 
uncertain disease growth and equitable resource allocation. 

While the single-stage emergency supply management research can 
guide the practices in the preparedness stage or the response stage, they 
suffer from ignoring the inherent connections between the two stages’ 
operations. Therefore, in the recent decade, two-stage emergency supply 
planning research, which facilitates an integrated and coordinated 
emergency supply management across stages, has attracted great 
research efforts. Chang et al. [28] propose two models to determine the 
relief organizations’ structure, locations of emergency warehouses, and 
distributions of rescue resources for floods. Rawls and Turnquist [29] 
develop a two-stage stochastic planning model that plans the first-stage 
emergency warehouse location and emergency supply pre-positioning 
amounts and the second-stage emergency supply delivering for hurri-
canes. Mete and Zabinsky [30] deal with the storage and distribution 
problem of medical supplies to be used under a wide variety of possible 
disaster types and magnitudes. Duran et al. [14] develop an emergency 
supply pre-positioning and allocation model that consider impacts of 
various disasters. Döyen et al. [31] deal with a two-echelon rescue 
center location and relief allocation problem. Noyan [32] develops a 
risk-averse two-stage stochastic programming model for the two-stage 
emergency supply planning problem. Caunhye et al. [33] propose a 
two-stage location-routing model for emergency supplies 
pre-positioning and distribution, and they highlights the importance of 
supplies transshipment. Manopiniwes and Irohara [34] consider facility 
and stock pre-positioning, evacuation planning and relief vehicle plan-
ning in their two-stage stochastic programming model. More recently, 
Paul and Zhang [35] consider the economic valuation of human 
suffering, the so-called deprivation cost, in their two-stage emergency 
supply planning model. Wang and Nie [36] and Hu and Dong [37] 
propose two-stage stochastic location-allocation models considering 
non-linear traffic congestion impacts and emergency supplier selections, 
respectively. Wang and Nie [38] further incorporate network mitigation 
decisions and consider dynamic factors after disasters. Wang et al. [39] 
propose a stochastic emergency supply planning model considering 
lateral supplies transshipment among deployed relief storage facilities 
after disasters. Sanci and Daskin [40] tackle an integrated location and 
network restoration problem in disaster relief. We notice that most of the 
two-stage stochastic programming models for emergency supply man-
agement only focus on a cost-effectiveness goal while multiple planning 
goals (e.g., total operation cost, emergency service equity) should be 
considered based on practices [7,41,42]. Moreover, we find that the 
existing two-stage emergency supply planning models do not explicitly 
consider the cooperation and coordination in a regional healthcare 
coalition, which plays a vital role in disaster relief. 

The existing literature on healthcare coalitions mainly makes qual-
itative analyses on the roles of healthcare coalitions in emergency relief 
and the establishment of healthcare coalitions. Courtney et al. [3] 
maintain that coalition members should develop and follow guidance 
for supply allocation and alternate care sites deployment to ensure the 
fairness of supply allocation. Rambhia et al. [43] conduct a survey to 
reveal the status of the U.S. hospitals joining healthcare coalitions for 
emergency preparedness and response and to develop guidance for 
healthcare coalition development and emergency response. Devereaux 
et al. [44] present a framework for building healthcare coalitions, 
developing crisis care standards and providing triage team training. To 
the best of our knowledge, there is a paucity of literature, which con-
ducts quantitative analyses on pre- and post-disaster emergency supply 
management in regional healthcare coalitions. 

In short, the literature review indicates that our work generalizes the 
existing two-stage emergency supply planning models via integrating 
the pre-disaster emergency supplies pre-positioning with the post- 
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disaster supplies transshipment and procurement, incorporating multi-
ple planning goals and considering the collaboration in a regional 
healthcare coalition. 

3. Problem statement and model formulation 

In this section, we first introduce our integrated emergency supply 
planning problem faced by a regional healthcare coalition. Then, we 
propose a multi-objective two-stage stochastic programming model to 
solve this problem and employ a linear weighting method to deal with 
the two objectives. Finally, we present some comparison models, which 
are variations of our proposed model. 

3.1. Problem statement 

A regional healthcare coalition has multiple member hospitals, 
which normally include a higher-level central hospital (CH) and several 
lower-level allay hospitals (AHs). In the preparedness stage before di-
sasters, an authority needs to pre-position emergency supplies in the CH 
and some selected AHs considering uncertain disaster impacts. In the 
response stage after disasters, the authority needs to plan recourse ac-
tivities, including emergency supplies transshipments between the CH 
and AHs and emergency supplies procurements from the member hos-
pitals to emergency suppliers, based on the implemented supplies pre- 
positioning plan and the realized uncertain disaster impacts. We illus-
trate this problem in Fig. 1, where the supplies pre-positioning decisions 
are denoted with various sizes of green cubes. The emergency supplies 
procurements and transshipments are represented with orange arrows 
and light-green arrows, respectively, and they are planned for each 
potential disaster scenario. Since the pre- and post-disaster emergency 
supplies management decisions are coupled, it is challenging but vital 
for the authority to conduct an integrated emergency supplies man-
agement for the regional healthcare coalition. 

We let all member hospitals of the regional healthcare coalition, 
including the CH and AHs, contain in a set I, and let I⊂I include all AHs. 
Each member hospital i ∈ I is a candidate emergency warehouse point 
before disasters and a potential demand point after disasters. Let L be the 
set of warehouse types. The maximum holding capacity of a type l ∈ L 

warehouse is Cl, and the fixed cost of deploying a type l warehouse at 
member hospital i is denoted as gil. Typically, a central emergency 
warehouse must be established at the CH before disasters. All emergency 
supply types form a set K, and we denote the pre-positioning cost and 
consumed warehouse capacity of unit type k ∈ K supply as θk and ck, 
respectively. 

Considering uncertain disaster impacts, we let set S contain potential 
disaster scenarios, and the parameters for each Scenario s ∈ S are 
superscripted with an s. We denote the occurrence probability of each 
Scenario s as Ps, and let the post-disaster demand of type k emergency 
supply in member hospital i be ds

ki. To supplement the pre-positioned 
emergency supplies, all member hospitals can urgently purchase emer-
gency supplies from some suppliers (or producers), which are contained 
in a set J. We denote the emergency procurement cost for member 
hospital i to buy unit type k supply from supplier j ∈ J as ps

kij. Considering 
that the CH and AHs have different bargain power against the suppliers 
due to their different levels and sizes, it normally costs the lower-level 
AHs more than the higher-level CH to buy unit type k supply from 
supplier j after disasters. Since a disaster can also undermine the supply 
(production) capacity of the suppliers, we denote the maximum amount 
of type k supply that can be provided by supplier j as ms

kj. We let the unit 
shortage cost (due to unmet demands) and the unit holding cost (due to 
over-stocking) of type k supply in member hospital i be νs

ki and μs
ki, 

respectively. We assume that the mutual aids between the CH and each 
AH i′ ∈ I take a unit supply delivering cost of ts

i′ , and that the unit supply 
delivering cost from emergency supplier j to member hospital i is τs

ji. We 
assume that ts

i′ and τs
ji are most closely related to the time value associ-

ated with the various emergency supply delivering time. Thus, we keep 
τs

ji′ > ts
i′ , ∀i′ ∈ I, s ∈ S, which indicate that the mutual aids between CH 

and AHs inside the healthcare coalition are much faster than the 
emergency procurement from suppliers. Moreover, we assume that the 
emergency supply orders from AH i′ to the CH, from CH to AH i′, and 
from member hospital i to emergency supplier j take fixed costs of oi′, qi′, 
and fij, respectively. 

In the first-stage before disasters, the authority needs to deploy 
emergency warehouses and pre-position emergency supplies in the 
healthcare coalition. Specifically, we apply binary decision variables zil 

Fig. 1. Problem illustration.  
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∈ {0, 1} to decide if a type l warehouse is deployed at a member hospital 
i, and employ xki ≥ 0 to determine the amount of pre-positioned type k 
supply in member hospital i. In the second-stage after disasters, the 
authority needs to decide the emergency supply procurement and 
transshipment according to the pre-disaster emergency supply pre- 
positioning and the realized uncertain disaster impacts. For each 
disaster scenario s, we apply binary variables ys

ij ∈ {0, 1}, as
i′ ∈ {0, 1}, 

and bs
i′ ∈ {0,1} to decide if member hospital i places an order to pur-

chase emergency supply from supplier j, if CH requests emergency 
supply support from AH i′, and if AH i′ requests emergency supply 
support from CH, respectively. We use continuous variables rs

kji ≥ 0, 
wki′

s ≥ 0 and vki′
s ≥ 0 to denote the amounts of type k supply shipped from 

supplier j to member hospital i, from CH to AH i′, and from AH i′ to CH, 
respectively. Moreover, we employ us

ki ≥ 0 and hs
ki ≥ 0 to determine the 

unmet demand amount and the holding amount of type k supply at 
member hospital i, respectively. We summarize all notations in Table 1. 

3.2. Model formulation 

The integrated emergency supply planning problem faced by a 
regional healthcare coalition can be formulated as the following multi- 
objective two-stage stochastic programming model (MP): 

(MP) min
∑

i∈I

∑

l∈L
gilzil +

∑

i∈I

∑

k∈K
θkxki+

∑

s∈S
Ps
∑

i′ ∈I

(

qi′ a
s
i′ + oi′ b

s
i′ +

∑

k∈K
ts
i′ (w

s
ki′ + vs

ki′ )

)

+

∑

s∈S
Ps
∑

i∈I

∑

j∈J

(

fijys
ij +

∑

k∈K

(
ps

kij + τs
ji

)
rs

kji

)

+

∑

s∈S
Ps
∑

i∈I

∑

k∈K

(
νs

kiu
s
ki + μs

kih
s
ki

)
,

(1)  

min max
i∈I,k∈K

∑

s∈S
Ps
(

us
ki

ds
ki

)

, (2)  

s.t.
∑

l∈L
zil = 1, ∀i ∈ I : i ∕∈ I, (3)  

∑

l∈L
zil ≤ 1, ∀i ∈ I, (4)  

∑

k∈K
xkick ≤

∑

l∈L
zilCl, ∀i ∈ I, (5)  

∑

k∈K
vs

ki′ ≤ as
i′ M, ∀i′ ∈ I, s ∈ S, (6)  

vs
ki ≤ xki, ∀i ∈ I, k ∈ K, s ∈ S, (7)  

∑

k∈K
ws

ki′ ≤ bs
i′ M, ∀i′ ∈ I, s ∈ S, (8)  

∑

i′ ∈I
ws

ki′ ≤ xki, ∀i ∈ I : i ∕∈ I, k ∈ K, s ∈ S, (9)  

∑

k∈K
rs

kji ≤ ys
ijM, ∀i ∈ I, j ∈ J, s ∈ S, (10)  

∑

i∈I
rs

kji ≤ ms
kj, ∀k ∈ K, j ∈ J, s ∈ S, (11)  

xki +
∑

j∈J
rs

kji +
∑

i′ ∈I
vs

ki′ =
∑

i′ ∈I
ws

ki′ +hs
ki +ds

ki − us
ki, ∀i∈ I : i∕∈ I,k∈K,s∈ S,

(12)  

xki′ +
∑

j∈J
rs

kji′ + ws
ki′ = vs

ki′ + hs
ki′ + ds

ki′ − us
ki′ , ∀i′ ∈ I, k ∈ K, s ∈ S, (13)  

zil ∈ {0, 1}, ∀i ∈ I, l ∈ L, (14)  

xki ≥ 0, ∀k ∈ K, i ∈ I, (15)  

ys
ij ∈ {0, 1}, ∀i ∈ I, j ∈ J, s ∈ S, (16)  

as
i′ ∈ {0, 1}, ∀i′ ∈ I, s ∈ S, (17)  

bs
i′ ∈ {0, 1}, ∀i

′

∈ I, s ∈ S, (18)  

ws
ki′ ≥ 0, ∀k ∈ K, i′ ∈ I, s ∈ S, (19)  

vs
ki′ ≥ 0, ∀k ∈ K, i′ ∈ I, s ∈ S, (20)  

rs
kji ≥ 0, ∀k ∈ K, i ∈ I, j ∈ J, s ∈ S, (21)  

us
ki ≥ 0, ∀k ∈ K, i ∈ I, s ∈ S, (22)  

Table 1 
Notations.  

Sets 

I, all member hospitals in a regional healthcare coalition, including a CH and multiple 
AHs, i ∈ I 

I, all AHs in the regional healthcare coalition, i′ ∈ I, I⊂I 
J, emergency suppliers, j ∈ J 
K, emergency supply types, k ∈ K 
L, warehouse types, l ∈ L 
S, disaster scenarios, s ∈ S 
Parameters 
Cl, maximum holding capacity of a type l warehouse 
ck, holding capacity consumed by unit type k supply 
gil, fixed cost of setting up a type l warehouse at a member hospital i 
oi′, fixed cost of an request from AH i′ to CH 
qi′, fixed cost of an request from CH to AH i′

fij, fixed cost of an order from a member hospital i to an emergency supplier j 
θk, pre-positioning cost of unit type k supply 
Ps, occurrence probability of disaster scenario s 
tsi′ , unit supply delivering cost between CH and AH i′ under scenario s 
τs

ji, unit supply delivering cost from supplier j to member hospital i under scenario s 
νs

ki, shortage cost of unit type k supply in member hospital i under scenario s 
μs

ki, holding cost of unit type k supply in member hospital i under scenario s 
ds

ki, demand of type k supply in member hospital i under scenario s 
ms

kj, maximum amount of type k supply available at supplier j under scenario s 
ps

kij , emergency procurement cost for member hospital i to buy unit type k supply from 
supplier j under scenario s 

ω, a relative weighting coefficient for our second planning goal 
M, a huge positive number 
Decision variables 
zil ∈ {0, 1}, 1, if a type l warehouse is set up at a member hospital i; 0, otherwise 
xki ≥ 0, amount of type k supply pre-positioned in member hospital i 
ys

ij ∈ {0,1}, 1, if member hospital i places an order to buy supply from supplier j under 
scenario s; 0, otherwise 

as
i′ ∈ {0,1}, 1, if CH requests supply support from AH i′ under scenario s; 0, otherwise 

bs
i′ ∈ {0,1}, 1, if AH i′ requests supply support from CH under scenario s; 0, otherwise 

rs
kji ≥ 0, amount of type k supply shipped from supplier j to member hospital i under 
scenario s 

ws
ki′ ≥ 0, amount of type k supply shipped from CH to AH i′ under scenario s 

vs
ki′ ≥ 0, amount of type k supply shipped from AH i′ to CH under scenario s 

us
ki ≥ 0, unmet demand amount of type k supply at member hospital i under scenario s 

hs
ki ≥ 0, holding amount of type k supply at member hospital i under scenario s  
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hs
ki ≥ 0, ∀k ∈ K, i ∈ I, s ∈ S. (23) 

Model (MP) considers two planning goals, i.e., cost-effectiveness and 
service equity, with objective functions (1) and (2), respectively. 
Objective (1) minimizes the expected total cost, which includes the pre- 
disaster emergency preparedness cost and the expected post-disaster 
emergency response cost. The preparedness cost contains the ware-
house deployment cost (gilzil) and the supply pre-positioning cost (θkxki). 
The expected emergency response cost includes costs related to the 
emergency transshipments between CH and AHs, i.e., qi′ as

i′ + oi′ b
s
i′ +∑

k∈Kts
i′ (w

s
ki′ + vs

ki′ ), costs related to the emergency procurement from 

member hospitals to suppliers, i.e., fijys
ij +

∑
k∈K

(
ps

kij + τs
ji

)
rs

kji, the unmet 

demand penalty cost (νs
kius

ki) and the inventory holding cost (μs
kih

s
ki). 

Specifically, the emergency transshipment relevant costs include the 
emergency request cost (qi′ as

i′ +oi′ b
s
i′ ) and the supply delivering cost 

(ts
i′ w

s
ki′ + ts

i′ v
s
ki′ ), and the emergency procurement relevant costs include 

the ordering cost (fijys
ij), the purchasing cost (ps

kijrs
kji) and the supply 

delivering cost (τs
jirs

kji). Objective (2) helps to improve the emergency 
service equity via minimizing the maximum expected supply shortage 
rate over all member hospitals and supply types. The min-max objective 
function (2) can be linearized with the following objective function (24) 
and auxiliary constraints (25) and (26): 

min SR, (24)  

SR ≥
∑

s∈S
Ps
(

us
ki

ds
ki

)

,∀i ∈ I, k ∈ K, (25)  

SR ≥ 0. (26) 

Constraints (3)–(5) are related to the first-stage emergency supply 
pre-positioning decisions. Constraints (3) ensure that the CH establishes 
a central emergency warehouse, and Constraints (4) indicate that each 
AH can deploy at most one emergency warehouse of any type. However, 
if the CH does not have to establish a central warehouse in field prac-
tices, our (MP) can become more general by simply replacing Con-
straints (3) and (4) with 

∑
l∈Lzil ≤ 1, ∀i ∈ I. Constraints (5) ensure that 

the capacity consumed by all pre-positioned supplies cannot exceed the 
maximum holding capacity of the deployed warehouse. 

Constraints (6)–(13) are for the second-stage emergency supply 
procurement and transshipment under each disaster scenario s ∈ S. 
Constraints (6)–(9) are related to the supply transshipment between the 
CH and AHs. Constraints (6) and (7) ensure that supplies can be shipped 
from an AH to the CH once CH makes the request and that the delivering 
amount should be less than the pre-positioned supply amount at that 
AH. Similarly, Constraints (8) and (9) are for supply support from the CH 
to each AH. Constraints (10) and (11) are related to the emergency 
supply procurement from each member hospital to each supplier. Con-
straints (10) ensure that emergency supplies can be delivered from 
supplier j to member hospital i only after corresponding orders are 
made. Constraints (11) limit the supply capacity of each supplier. Con-
straints (12) and (13) ensure that the emergency supply flows are 
balanced at the CH and AHs, respectively. The other constraints (14)– 
(23) set bounds for the binary variables and the non-negative continuous 
variables. 

We employ the linear-weighting method to deal with our two plan-

ning goals and to modify our (MP) as the following single-objective 
programming model (P): 

(P) min TC + ωSR, (27)  

s.t. TC =
∑

i∈I

∑

l∈L
gilzil +

∑

i∈I

∑

k∈K
θkxki+

∑

s∈S
Ps
∑

i′ ∈I

(

qi′ a
s
i′ + oi′ b

s
i′ +

∑

k∈K
ts
i′ (w

s
ki′ + vs

ki′ )

)

+

∑

s∈S
Ps
∑

i∈I

∑

j∈J

(

fijys
ij +

∑

k∈K

(
ps

kij + τs
ji

)
rs

kji

)

+

∑

s∈S
Ps
∑

i∈I

∑

k∈K

(
νs

kiu
s
ki + μs

kih
s
ki

)
,

(28)  

TC ≥ 0, (29)  

Constraints  (3) − (23)  and  (25) − (26),

where ω is a relative weighting coefficient for our second planning goal. 
In field practices, the decision-maker can set the weighting coefficient ω 
according to the relative importance of the second goal in the emergency 
supplies management of the regional healthcare coalition. Although 
other approaches (e.g., ε-constraint method, lexicographic method) can 
be applied to handle our multi-objective optimization, we employ the 
linear weighting method mainly for its simplicity, which is vital for field 
applications. 

3.3. Comparison models 

To show the benefits of our proposed model (P) and to obtain 
managerial insights, we consider four comparison models, i.e., (CP1) to 
(CP4), which are variations of (P) and implement other emergency 
supply management strategies for the regional healthcare coalition. The 
settings of the comparison models are discussed below. 

(CP1): Only the CH has an emergency warehouse, and the emergency 
demands of AHs can be satisfied by supplies shipped from both the CH 
and the suppliers. (CP1) is set by replacing Constraints (4) with 

∑
l∈Lzil =

0,∀i ∈ I. 
(CP2): The CH does not establish a central warehouse while AHs can 

deploy emergency warehouses, and emergency supplies can be deliv-
ered from AHs to the CH. (CP2) is set via modifying Constraints (3) as 
∑

l∈Lzil = 0,∀i ∈ I : i ∕∈ I. 
(CP3): The CH has an emergency warehouse, and AHs can deploy 

their own emergency warehouses, but there is no coordinated emer-
gency supply support between CH and AHs. (CP3) is set via adding extra 
constraints vs

ki′ = 0, ∀i′ ∈ I, k ∈ K, s ∈ S and ws
ki′ = 0, ∀i′ ∈ I, k ∈ K, s ∈ S 

to (P). 
(CP4): No member hospitals establish emergency warehouses, which 

indicates that there is no emergency supply pre-positioning or trans-
shipment in the regional healthcare coalition. (CP4) is set via replacing 
Constraints (3) and (4) with 

∑
l∈Lzil = 0, ∀i ∈ I : i ∕∈ I and 

∑
l∈Lzil = 0,

∀i ∈ I, respectively. 
The settings of (P) and the four comparison models are summarized 

in Table 2. 

Table 2 
Settings of various models.  

Model Supplies pre-positioning Supplies transshipment 

CH AHs 

(P) ✓ ✓ ✓ 
(CP1) ✓ × ✓ 
(CP2) × ✓ ✓ 
(CP3) ✓ ✓ ×

(CP4) × × ×
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4. Case study 

In this section, we present a case study on the WCH coalition of 
Sichuan Province, China, under the background of the COVID-19 
epidemic. We first introduce the basic parameter settings of this case. 
Then, we compare the optimal solutions of various models. Finally, we 
conduct sensitivity analyses on some key parameters to obtain mana-
gerial insights and policy suggestions. 

4.1. Parameters settings 

The WCH coalition covers a population of 33.79 millions over 
216,100 square kilometres of Sichuan province, China, and plays a vital 
role during the COVID-19 epidemic. The locations of WCH and its 11 key 
AHs (i.e., AH1-AH11) are illustrated in Fig. 2. 

WCH, founded in 1872 and located in Chengdu (capital city of 
Sichuan Province, China), has been the largest hospital in China and 
ranks the first for its science & technology influence. WCH has 206 ICU 
beds and over 4300 total beds, and it functions well to fight against 
COVID-19 [45]. During the COVID-19 epidemic, WCH offered emer-
gency supplies to its AHs and provided emergency support to other cities 
in China. The 11 key AHs of WCH are also leading hospitals in other 
cities of Sichuan Province. Without loss of generality, we focus on the 
central hospital, WCH, and its two largest and representative allay 
hospitals, AH1 (near to WCH) and AH2 (far from WCH), which also have 
the most emergency demands during the COVID-19 epidemic. WCH and 
the two AHs are marked in red in Fig. 2. For simplicity, we consider two 
emergency suppliers (ES1 and ES2) of the WCH coalition, two emer-
gency supply types, i.e., medical mask (MM) and protective clothes (PC), 
and two warehouse types (Small and Big). 

According to field practices, the holding capacities Cl of the Small 
and Big warehouses are set as 800 boxes and 1500 boxes, respectively. 
The warehouse holding capacities consumed by each unit of pre-
positioned MM and PC (ck) are 1 box and 3 boxes, respectively, and the 
unit pre-positioning costs of MM and PC (θk) are $5 and $25, respec-
tively. We assume that the fixed emergency request costs oi′ from AH1 
and AH2 to WCH are $200 and $250, respectively, and the request costs 
qi′ from WCH to the two AHs are $300. Settings of the other parameters, 
which are unrelated to the epidemic scenarios, are listed in Table 3. For 
simplicity, we assume that the delivering costs of emergency 

procurement (τs
ji) and emergency transshipment (tsi′ ) are the same in 

each scenario, and set their values according to the travel distances from 
the suppliers to the three member hospitals as well as the distances from 
WCH to the two AHs. 

We consider three epidemic scenarios, mild scenario s1, medium 
scenario s2 and severe scenario s3, which have occurrence probabilities 
of 0.1, 0.3 and 0.6, respectively. The scenario-based parameters, 
including the emergency demands ds

ki, the unit supply shortage costs νs
ki, 

the unit supply holding costs μs
ki, the total available inventory amounts 

of suppliers ms
kj and the unit supply procurement costs ps

kij, are listed in 
Tables 4 and 5. In general, the settings of the scenario-based parameters 
are based on real data and educated guessing. The demands of the three 
member hospitals are estimated from the emergency supply demand 
data during the COVID-19 epidemic. The shortage cost and the holding 
cost are arbitrarily assumed considering the various sizes and levels of 
the member hospitals and the relevant negative social impacts. The unit 
supply procurement costs ps

kij and the total available inventory amounts 
of suppliers ms

kj are adapted from real data of all member hospitals and 
emergency suppliers. Overall, Tables 4 and 5 indicate that as the severity 
of the epidemic scenario increase, the values of ds

ki, νs
ki and ps

kij gradually 
increase while the values of μs

ki and ms
kj gradually decrease. Finally, we 

arbitrarily let the weighting coefficient ω be 1, 000 in the base case 
setting. 

4.2. Optimal results 

We apply Gurobi to solve (P) and (CP)s optimally, and all solving 
processes run on an ordinary laptop, which is equipped with an Intel 
Core i5-7200U @2.50 GHz CPU, 12 GB RAM, and Microsoft Windows 10 
operating system. The solution time is less than a second. The optimal 

Fig. 2. Locations of WCH and its 11 key AHs.  

Table 3 
Settings of parameters related to each member hospital.  

Hospital gil ($) fij ($) τs
ji ($/box) tsi′ ($/box) 

Small Big ES1 ES2 ES1 ES2 

WCH 18,000 27,000 200 300 10 5 - 
AH1 18,000 27,000 250 350 15 10 3 
AH2 18,000 27,000 350 450 20 15 6  
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solution values of various models are compared in Table 6. 
The comparison between (P) and (CP1) highlights the importance of 

allowing AHs to pre-position emergency supplies. Although the 
weighted total cost of (CP1) is only about 1.3% more than that of (P), the 
expected SR and penalty cost of (CP1) are about 55% and 103% more 
than those of (P), respectively. This indicates that if AHs can pre-position 
emergency supplies, the expected SR and penalty cost can be greatly 
reduced to enhance the emergency response performance of the 
healthcare coalition as a whole. The comparison between (P) and (CP2) 
shows that setting up an emergency warehouse at the CH may not al-
ways be part of the optimal solution for the regional healthcare coali-
tion. In particular, we find that the weighted total cost of (CP2) is about 
1.5% less than that of (P) owing to the lower expected transshipment 
cost, penalty cost, and SR of (CP2). (CP3) assumes no coordinated 
emergency supplies transshipment in the healthcare coalition. The 
comparison between (P) and (CP3) shows that the weighted total cost 
and SR of (CP3) are about 1% more and 24% less than that of (P), 
respectively. This implies that although ignoring emergency supplies 
transshipment increases the expected TC (mostly due to the raised setup 
and pre-positioning costs), it can reduce the expected penalty cost and 
SR and improve the emergency service equity of the healthcare coali-
tion. However, the comparison between (P) and (CP3) emphasizes that 
coordinated emergency supplies transshipment between CH and AHs is 
vital for improving the emergency plan’s weighted total cost. In (CP4), 
no member hospitals pre-position emergency supplies, and all emer-
gency demands are satisfied via emergency procurement from suppliers. 
Although the weighted total cost of (CP4) is lower than those of (CP1) 
and (CP3), (CP4) has the highest expected procurement cost, penalty 

cost, and SR in Table 6. In particular, the expected TC, SR, and weighted 
total cost of (CP4) are about 0.7%, 55%, and 1.1% higher than those of 
(P), respectively. This highlights the importance of pre-positioning 
emergency supplies in the healthcare coalition before disasters. 

We illustrate the optimal emergency supplies pre-positioning and 
delivering plans of (P) and (CP)s in Figs. 3–7 to gain managerial insights. 
In general, we find that only big warehouses (denoted with green cubes) 
are established in Figs. 3–6 and that as the epidemic severity increases 
from Scenario s1 to Scenario s3, the amounts of transshipped emergency 
supplies gradually reduce, and WCH procure increasingly more emer-
gency supplies from the suppliers. This indicates that 1) the emergency 
supplies transshipment is more vital for effectively responding to mild or 
medium epidemic scenarios, and 2) WCH, due to its relatively higher 
bargain power and emergency supply demands, is prioritized to procure 
the limited emergency supplies first under all scenarios. 

Moreover, Figs. 3 and 4 highlight the importance of pre-positioning 
emergency supplies at AH2, which is far from WCH and AH1. Under 
Scenarios s2 and s3, while the emergency demands of AH2 are partially 
served by the pre-positioned supplies in Fig. 3, they are not served at all 
in Fig. 4, which contributes to the high SR of (CP1) in Table 6. Fig. 5 
shows that if emergency supplies are not pre-positioned at WCH, the 
demands of WCH are served by the emergency procurement (trans-
shipment) from the suppliers (AHs), while the demands of AHs are 
mainly satisfied by their pre-positioned supplies. To effectively support 
WCH and reduce emergency procurement in the response stage, AH1 
and AH2 deploy big emergency warehouses to pre-stock more supplies. 
This observation suggests an alternative solution to a regional health-
care coalition, which does not require the CH to pre-stock emergency 
supplies. Fig. 6 shows that the absence of emergency supplies trans-
shipment leads each member hospital to deploy a big warehouse and to 
pre-stock emergency supplies for its own use, which explains the high 
setup and pre-positions costs of (CP3) in Table 6. This observation im-
plies that the emergency supplies transshipment can make the emer-
gency supplies pre-positioning more economical for the whole coalition 
and help avoid waste of pre-stocked supplies, which have limited shelf 
life. Thus, a government should develop policies for enhancing the 
cooperation and coordination of emergency supplies management in the 
regional healthcare coalition. Finally, Fig. 7 shows that the absence of 
emergency supplies pre-positioning requires member hospitals to pro-
cure more supplies from suppliers under emergency urgently, and it 
becomes increasingly harder for the AHs to procure emergency supplies 
as the severity of the epidemic increase. Thus, without emergency sup-
plies pre-positioning, it is more vital for AHs to sign up emergency 

Table 4 
Settings of ds

ki, νs
ki, μs

ki and ms
kj  

Scenario Type ds
ki (box) νs

ki ($/box) μs
ki ($/box) ms

kj (box) 

WCH AH1 AH2 WCH AH1 AH2 WCH AH1 AH2 ES1 ES2 

s1 MM 750 555 450 15 15 15 2 3 3 1500 1000 
PC 300 180 240 60 60 60 4 5 5 400 300 

s2 MM 900 675 600 20 20 20 2 2 2 1000 750 
PC 450 270 300 70 70 70 3 4 3 300 250 

s3 MM 1425 1050 900 30 30 30 1 1 1 750 500 
PC 525 375 420 90 90 90 1 1 1 200 150  

Table 5 
Settings of ps

kij ($/box).  

Scenario Hospital MM PC 

ES1 ES2 ES1 ES2 

s1 WCH 6 7 30 33 
AH1 7 8 35 38 
AH2 7 8 35 38 

s2 WCH 8 10 45 50 
AH1 10 12 50 60 
AH2 10 12 50 60 

s3 WCH 12 15 60 66 
AH1 14 16 70 74 
AH2 14 16 70 74  

Table 6 
Optimal solution values of various models.  

Model Cost components ($) TC ($) SR Weighted Total ($) 

Setup Pre-position Transship Procure Holding Penalty 

(P) 54,000 20,700 2403.5 43,098 0 37,440 157,642 44.8% 158,090 
(CP1) 27,000 9900 2356 44,035 0 75,892.5 159,184 99.3% 160,177 
(CP2) 54,000 20,250 505.5 44,059.5 0 36,630 155,445 24% 155,685 
(CP3) 81,000 30,700 0 34,528 169.5 13,500 159,898 20% 160,098 
(CP4) 0 0 0 49,015 0 109,778 158,792 100% 159,792  
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procurement contracts with suppliers to ensure that certain amounts of 
emergency supplies can be urgently procured even under the more se-
vere epidemic scenarios. 

4.3. Sensitivity analyses 

We conduct sensitivity analyses on three parameters, i.e., the 
weighting coefficients of the service equity goal ω, the unit supply 
delivering cost τs

ji, and the unit supply shortage cost νs
ki, which can be 

hard to estimate in practice and can help us to gain more managerial 
insights. 

In our base case, ω is 1000. We examine impacts of ω via modifying 
the value of ω from 500 to 1500 with a step size of 100. The optimal 
results for various values of ω are illustrated in Fig. 8. 

In Subfigure 8(a), as ω increases, the weighted total cost gradually 
increases with a decreasing speed. In Subfigure 8(b), the trade-off be-
tween TC and SR is obvious. In particular, with ω increasing, TC grad-
ually rises while SR decreases from 59% down to a limit, about 24%. The 

Fig. 4. Emergency supplies pre-positioning and delivering plan of (CP1).  

Fig. 3. Emergency supplies pre-positioning and delivering plan of (P).  
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lower bound for SR can be due to the maximum pre-positioning 
(emergency supply) capacity of the healthcare coalition (suppliers). 
Thus, to obtain more equity (e.g., let SR be 0%) in the coalition, purely 
increasing ω can be insufficient, and the authority may also need to 
improve the maximum pre-positioning (emergency supply) capacity of 
the coalition (suppliers) with supportive activities and motivation pol-
icies. Moreover, Subfigures 8(c) and 8(d) show the impacts of ω on the 
various cost components of TC. We find that when ω ≤ 800 or ω ≥ 1, 300 

(800 ≤ ω ≤ 1300), the optimal plans pre-stock less (more) emergency 
supplies and conduct more (less) emergency supply procurement and 
transshipment after the epidemic. This shows that the relative impor-
tance of the service equity goal can influence the trade-off between the 
pre- and post-epidemic emergency supplies management measures, e.g., 
when more (less) supplies are pre-positioned, less (more) emergency 
supplies transshipment and procurement are needed. In short, Fig. 8 
highlights that ω should be properly set to achieve a desired trade-off 

Fig. 6. Emergency supplies pre-positioning and delivering plan of (CP3).  

Fig. 5. Emergency supplies pre-positioning and delivering plan of (CP2).  
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Fig. 8. Sensitivity analyses on ω  

Fig. 7. Emergency supplies pre-positioning and delivering plan of (CP4).  
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between the two planning goals. τs
ji, the unit supply delivering cost from 

supplier j to member hospital i under scenario s, can be influenced by 
post-epidemic factors like emergency transportation cost, traffic control, 
traffic congestion and road damage. To examine the impacts of τs

ji, we 
modify the values of τs

ji via τs
ji = ατs

ji, ∀j ∈ J, i ∈ I, s ∈ S, where α is a 
modification factor, and τs

ji are the base case values in Table 3. The 
sensitivity analyses results of τs

ji are illustrated in Fig. 9. 
In general, Subfigures 9(a) and 9(b) point out that the increased unit 

supplies delivering cost boosts the weighted total cost and TC and brings 
SR down to a limit. Especially, Subfigure 9(b) indicates that small values 
of τs

ji (i.e., α ≤ 1) can reduce TC without sacrificing SR (equity), which 
highlights the importance of delivering procured supplies fast consid-
ering that τs

ji can be most closely related to the time value associated 
with the various emergency supply delivering time. In addition, Sub-
figures 9(c) and 9(d) show that big values of τs

ji (i.e., α ≥ 1.1) have more 
impacts on the various cost components of TC. Specifically, when α in-
creases from 0.5 to 1.1, the procurement (transshipment) cost increases 
(decreases) slightly while the other costs are stable. However, when α 
increases from 1.1 to 1.5, all cost components vary significantly, indi-
cating that more supplies are pre-stocked and fewer supplies are ur-
gently procured and transshipped. This highlights that if the delivery of 
urgently procured supplies is expected to be slow and costly, the 
healthcare coalition should pre-stock more supplies in advance. Simi-
larly, we investigate the impacts of νs

ki, shortage (unmet demand) cost of 
unit type k supply in member hospital i under scenario s, via νs

ki = βνs
ki,

∀k ∈ K, i ∈ I, s ∈ S, where β is a modification factor and νs
ki are the base 

case values in Table 4. The sensitivity analyses results of νs
ki are illus-

trated in Fig. 10. 
In general, Fig. 10 shows that the optimal plan is more sensitive to νs

ki 
when the values of νs

ki are relatively small (i.e., β ≤ 1.1). Sub-Fig. 10(a) 

and 10(b) point out that as νs
ki increases, the weighted total cost and TC 

both increase with a decreasing speed and up to a limit while SR de-
creases suddenly. The trade-off between TC and SR is obvious when 0.9 
≤ β ≤ 1.1. Thus, νs

ki should be set cautiously in practice, and that let the 
values of νs

ki be relatively high can contribute to more equity in the 
coalition after the epidemic. In addition, the variation trends of cost 
components in Subfigures 10(c) and 10(d) reveal that when β increases 
from 0.5 to 1, nearly all cost components increase (except the penalty 
and holding costs), implying that more supplies are pre-stocked, ur-
gently procured and transshipped. However, when β continues rising 
from 1 to 1.5, the setup and pre-positioning costs keep increasing, but up 
to certain limits, while the procurement and transshipment costs slightly 
fall, down to certain limits. This implies that more supplies are pre- 
stocked in advance, but less are procured and transshipped after the 
epidemic. In short, Subfigures 10(c) and 10(d) suggest: 1) When the unit 
supply shortage cost is high, more emergency supplies should be pre- 
positioned, procured and transshipped before and after the epidemic; 
2) As the shortage costs of unit supply increase from small (big) values, 
strengthening supplies pre-positioning, procurement and transshipment 
simultaneously can be an effective (ineffective) shortcut for enhancing 
the existing plan. 

5. Conclusions and future work 

In this work, we propose a two-stage stochastic emergency supply 
planning model to facilitate cooperation and coordination in a health-
care coalition. Our model decides the types and locations of deployed 
warehouses and the amounts of various pre-stocked emergency supplies 
in the healthcare coalition before disasters and determines the optimal 
scenario-based emergency supplies transshipment and procurement 
plans for the healthcare coalition after disasters. Two planning goals, i. 

Fig. 9. Sensitivity analyses on τs
ji  
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e., cost-effectiveness and service equity, and various uncertain factors 
are explicitly incorporated. With some comparison models and a case 
study on the WCH coalition of Sichuan Province, China, under the 
background of the COVID-19 epidemic, we demonstrate the effective-
ness and benefits of our model and obtain various managerial insights 
and policy suggestions for practice, such as 1) It benefits the whole 
coalition via allowing AHs to pre-stock emergency supplies and con-
ducting coordinated emergency supplies transshipment between WCH 
and AHs; 2) Setting up an emergency warehouse at the CH may not al-
ways be part of the optimal solution for a regional healthcare coalition; 
3) If the delivering of urgently procured supplies tends to be slow and 
costly or the unit supply shortage cost is high, the healthcare coalition 
should pre-position more supplies in advance. In particular, we find it 
vital to conduct integrated management of emergency supplies pre- 
positioning, transshipment and procurement in healthcare coalitions 
for better preparedness and response to future potential disasters. A 
government should develop policies for enhancing the cooperation and 
coordination of emergency supplies management in healthcare 
coalitions. 

Future work can be conducted in two aspects. First, considering that 
the post-disaster situation is time-varying, a multi-stage stochastic pro-
gramming approach can be employed to obtain a more general and 
realistic solution. Second, more practical issues, such as non-linear 
supply shortage costs, donations of emergency supplies, and govern-
ment interventions, can be further incorporated to improve the inte-
grated emergency supplies management plans for regional healthcare 
coalitions in the future. 
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