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Background and Aim: In the long-term prevention of the COVID-19 paMdemic, meters may change frequently for various

reasons, such as the emergence of mutant strains and changes in gove olicies. changes will affect the efficiency of the

current emergency logistics network. Public health emergencies hav ical unstructured ch¥racteristics such as blurred transmission

boundaries and dynamic time-varying scenarios, thus requiring con@uous adjustri@t of emergency logistics network to adapt to the

actual situation and make a better rescue.

Practical Significance: The infectivity of public healt groencies tendency that it first increased and then decreased

in the initial decision-making cycle, and finally reached goint in a certain decision-making cycle. This suggests that the
be resolved. Therefore, in the design of emerg isti work, the infectious ability of public health emergencies should be
fully considered (ie, the prediction of the population should be based on the real-time change of the infectious

ability of public health emergencies), s | gglicy logistics network more reasonable.

em contains four repetitive steps: (1) analysis of public health emergency
ics network; (3) data collection and processing; (4) adjustment and update of parameters.

Introduction

In recent years, the outbreaks of all kinds of large-scale and unconventional public health emergencies, such as SARS
(2003), Avian Influenza (2004), Influenza A HIN1 (2009), European E. coli Public Health Emergencies (2011), The
Ebola epidemic in West Africa (2015) and COVID-2019 epidemic (2019), have not only posed a threat to human health
and life but also exerted a negative impact on social and economic development. The Ebola epidemic in West Africa

(2015), for example, caused a total death toll of more than 11,300, more than 28,500 confirmed and suspected cases, and
the economic losses reached more than USD (United States dollar) 35 billion." As for the theoretical research on public
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health emergency management, SARS in 2003 directly promoted the construction of a multinational health emergency
management system. Therefore, how to predict the transmission and evolution of public health emergencies and how to
design a dispatch plan of emergency materials based on the predicted regulation became two mainstream issues in public
health emergency management at that time.” Thanks to the joint efforts of several world-class universities since 2009,
scholars have realized that a purely predictive response mode is still a kind of passive emergency management. Only
proactive actions can help people do a better rescue in the emergency. Thereby, the “scenario-response” theory of
emergency management® has been put forward and applied into emergency management rapidly.* In the first three
months of 2020, the COVID-19 epidemic spread quickly from Hubei Province to the rest parts of China. National Health
Commission of the People’s Republic of China (NHC) said, as of March 21st, 31 provinces (including autonomous
regions and municipalities directly under the Central Government) and the Xinjiang Production and Construction Corps
had reported 81,054 confirmed cases and 72,244 cured cases in total. There were 67,800 configss

prevention of the pandemic, the emergence of mutant strains as well as
parameters of the epidemic transmission model. Thus, the freque
should be taken seriously. Elavarasan et al® believed that in the
strategic management of the pandemic, which could be importan

to increased vulnerability to COVID-19
aused a sharp increase in the number of NCOV-
problems indirectly caused by COVID-19, and some
fluence government decision-making. At the same time,

cy intention-based factors that influenced the willingness of
rfan et al'' believed that the public should be informed about the
® more accurate perception of the risk of the pandemic and be more

individuals to take precautions.
lethality of the pandemic, so t

ical research on public health emergency logistics can be divided into two

Therefore, fu novative design is urgently needed to obtain more accurate results. The main purpose of this paper is
to provide a dyn® and real-time data analysis method for public health emergency management, so as to effectively
provide suggestions $or policy adjustments.

Literature Review

This part mainly focuses on analyzing the current research on the transmission of public health emergencies. Through the
literature research on the dissemination of public health events and the summary of the existing methods, it can provide
a theoretical basis for the follow-up dynamic demand prediction in emergency logistics and the adjustment of govern-
ment control policies. The existing literature retrieval mainly discusses the analysis of public health emergencies
transmission from two aspects. Firstly, based on the method of system dynamics, results are mainly in the field of
Biomathematics, and the principle involved works to construct dynamics models for the transmission and evolution of

152 hetps: Risk Management and Healthcare Policy 2022:15

Dove!


https://www.dovepress.com
https://www.dovepress.com

Dove Zheng et al

public health emergencies. The common models of system dynamics include SI (Susceptible-Infectious) model, SIR
(Susceptible-Infectious-Recovered) model, SEIR (Susceptible-Exposed-Infectious-Recovered) model, SIQR
(Susceptible-Infectious-Quarantined-Recovered)  model,  SEIQR  (Susceptible-Exposed-Infectious-Quarantined-
Recovered) model, etc. In the construction of the model, the mathematical proof of the existence and stability of the
equilibrium point of disease transmission are often involved.'? Secondly, based the method of regression analysis, results
are mainly in the field of preventive medicine,'* and the principle involved works to establish a function expression of
regression relation (regression equation) between a certain dependent variable and a certain independent variable by
employing the method of mathematical statistics, which is made on the basis of a certain amount of observed data of
a public health emergency.'* The common methods include linear regression, logistic regression, least squares regression,
support vector regression, auto-regression, orthogonal regression, principal component regression, etc.'> In addition,

from the perspective of the Evolutionary Game Theory, Liu'® established and discussed an g of public health

sion of public health emergencies HIN1 influenza.
This part mainly focuses on the studies of emergency logistics, including the the

dynamic adjustment model of emergency logistics management. The existi es on emergency
logistics for public health emergencies can be categorized into two group i the dispatch network
design of emergency supplies, the other is research on the dynamic a supplies. For the dispatch

public health emergencies. For example, Ekici et al'” estayfhed a combined optimization model for public health
emergency transmission and food distribution site selectio i a heuristic algorithm to solve large-scale

network model that includes three elements: supply, (& n area. In this type of research, most models of

eds,'” and the dispatch network of emergency supplies
121

infectious disease transmission are used to predict ti

is made based on those predictions.”® Besi smallpox-based transmission models, Dasaklis et al" con-

patch network under the condition of mass vaccination. As for
nd emergency medical logistics networks, Dasaklis’s review
ic allocation of emergency supplies, the focus of the research is that how
¢ while with limited emergency materials. There are several possible
tribution in the HIN1 epidemic,”® the HIV prevention and treatment in
vernment budget,?* the distribution of emergency supplies in HIN1 epidemic?

that current N@garch mainly focuses on the dynamic allocation of emergency supplies under the condition of limited

supplies while ig¥oring the rule of disease transmission, thus leading to a sudden strain or waste of resources. In addition,
current research often neglects unstructured features such as dynamic time-varying scenes, and existing models cannot
adapt to the real situation. Considering the fact that the evolution of public health emergencies generates new demands
for real-time adjustments of emergency supplies distribution, this paper aims to construct an innovative decision-making
framework model for emergency dynamic adjustment from a data-driven perspective. The structure is shown in Figure 1.
In this decision-making framework, the response time to emergency is divided into several consecutive decision cycles
(c=1.2, -+, C), and each decision cycle (t = 1.2, -+, T) contains 4 successive steps, namely the analysis of public health
incidents transmission, the design of emergency logistics network, data collection and processing, the adjustment and
update of parameters. Through the iterative update of each cycle, the process of emergency response in the entire public
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health emergency is eventually transformed into a c
optimization of resource allocation. In the actual emerg
real-time data of public health events into the degisi mewOrk model with interactive evolution. Then, a real-

strives to realize the goal of real-time adjustments and
optimization of emergency resou ing@an public health emergencies which is different from the traditional

Model

As shown in deCision-making framework model consists of four progressive decision-making progresses in

each decision-mag@me cycle. Among the four signs of progress, the dynamic analysis of the public health emergency
transmission is adop¥d to demonstrate the evolution rule of the number of patients and their demands for emergency
supplies. The logistics network is designed for the number, relative size, coverage of material distribution centers, the
setting of optimal capacity in each infected area and the optimal allocation of emergency relief funds. Data collection is
used to collect and process real-time data of public health emergencies. Parameter adjustment is designed to dynamically

adjust and update the relevant parameters of the dynamics model of public health emergency transmission.

Analysis of the Transmission of Public Health Emergencies
SEIAR compartmental model®® (as shown in Figure 2) is constructed based on the characteristics of HIN1 public health
emergency transmission from 2009 to 2010. In this paper, the population in areas affected by public health emergencies is
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Figure 2 Model of public health emergencies transmission.

divided into five categories: the susceptible (S), the exposed (E), the infector (I), the asymptomatic carrier (A) and the
rehabilitee (R). The susceptible enter the incubation period after contacting with infectors, and some of them showing

noticeable symptoms enter the second stage as infectors. After a period of treatment, they recoverand obtain immunity

against HIN1, but some of the exposed show no distinct symptoms. Although large populatig uts may occur in

the public health emergencies of HINI, it is assumed that the population in the region is@@latively statl based on the
fact that the duration of the emergency is short.
The definition of symbols involved in the SEIAR model above is shown in T, 1.
With reference to the symbols in Table 1, the transmission of public health gencd¥ in any d¥Cision cycle can be

described as a system of difference equations as shown in Equations (1)-

St +1) = S§(0) = B8O (0),

(1

Parameters

The set of infected areasj = 1,2,---,J
The infection rate of public health emergencies in Region j
Morbidity of the exposed in Region j
D The proportion of the exposed in Region j without obvious symptoms
v The rehabilitation rate in Region j
S;(1) The Number of the susceptible in Region j at time ¢
E;(t) The Number of the exposed at time ¢ in Region j
Ii(1) The Number of the infected at time 7 in Region j
A;(1) The number of asymptomatic persons in region j at time ¢
R;(¢) The Number of the rehabilitees in region j at time ¢
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Si(e+1)=(5)

E(t+1)=A(8,5.n)

ERENCEAR AVATS, 6)
At +1) = A(PJ’Y/)

Ri(t+1) = A(}’j)

For any infected area, given the initial values of each compartment S;(0),E;(0),/;(0),4,;(0), R;(0) and other related
parameter values, decision-makers can take the advantage of the above difference equations to analyze the transmission
behavior of public health emergencies, and subsequently obtain the number of patients at any time within the decision
period. Without the loss of generality, assuming that each patient’s daily demand for emergency plies is m,

then the total amount of emergency medical supplies required in the area is m/;(t).

The Design of Emergency Logistics Network

(EDH) with different capacities to accommodate patients sho
allocation process of emergency medical supplies, how many te
prepared by the National Emergency Reserve Bank (S
rented large venue facility or compartment for the trans ical supplies). (4) Which infected areas are
RDC (the proportion of emergency materials

undertaken by the RDC to the total amount S rials is a key factor in determining the size of the RDC)?

(6) Which SNS should emergency medical t distrifg@ted from? What is the supply ratio of each SNS? (7) What
is the optimal emergency relief budggt ive of optimization, question (1) is a typical problem
concerning the optimization of cap, ion, questions (2)-(7) are about the allocation of emergency location.
Therefore, definitions of symbg odel in this paper are shown in Table 2.

With reference to the ipti mbols above, for any decision period ¢, the optimization model of the

emergency logistics net 7)-(28). Among them, the objective function in Equations (7)-(11) is to

minimize the emerge cost of public health emergencies in the c-th decision period.
(7
Y T
Ad(c) = Z(th.max(nj (),0) + zz,m) ®)
j=1\n=1 =1
K K J
AR(e) = fr X zi(c) +v2 X X i (€)sii(c) ©)
k=1 j=1j=1
K J
AC(c) = kZ 2 wg(e)sig(e)hgd(xe (<), ye(c)) (10)
=1j=
I K
AS(c) = 21 Z] b (c)gudi(xk(c), yk(c)) (11)
i=1j=
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Table 2 Symbols and the Definitions of the Parameter Used in the Emergency Logistics Network Model

uig(c)

z(c)

sg(e)

vu(c)

(xve(c), k()
Entry 2

Symbols of Definitions of Parameters

Parameters

1 SNS set of national emergency reserve,i = 1,2,---,1

J The set of infected area, j=1,2,---,J

K The set of temporary regional distribution center (RDC),k =1,2,---,K

H The set of emergency designated hospital (EDH),» = 1,2,--- | H

by The capacity of h-type EDH

fn The fixed cost of the h-type EDH, which is mainly for the isolation ward layout, special diagnostic instruments, etc.

0 The unit variable cost in EDH, which is mainly for cleaning and disinfection, etc.

I Set a fixed cost of RDC, which is mainly for expenses like site renting

0y The unit variable cost in RDC is mainly used for emergency medical materials transportatj ory, and other costs

D;(c) The upper supply limit of SNS i in decision cycle ¢

Sik The unit transportation cost from SNS i to RDC £ is mainly for vehicle transportatio s relatively low

Ly The unit transportation cost from RDC £ to infected region j is mainly for sp , and the unit
cost is relatively high

Xi, Vi The geographic location of

X5,V The geographical location of the point of delivery of eme, fected region j

Ci(c) In the c-th decision-making cycle, the ¢

Transportation distance of emergency supplies from R
The cost of setting up EDH in each infecte,
The cost of RDC setting and emergen in the c-th decision-making cycle
The logistics distribution cost of emergency me DC to the infected area in the c-th decision-making
Logistics distribution costs required f

In the c-th decision-making cycl pe EDH added or decreased in the infected region j

0-1 variables, used to show whe vers the infected area j in the c-th decision-making cycle

0—I variable, ther RDC k is established in the c-th decision-making cycle

ume of emergency supplies transported from RDC k to infected area j
olume of emergency supplies transported from SNS i to RDC k
on-making cycle, the geographic location of RDC k

Data

Constraints in Equati

patients.

(12) and (1 sure that there is an adequate number of beds in any infected area for isolate

H
b (c),VjeJ (12)

M-

sit. Cile) =
1

=
—

C

Ii(t) < Ci(c),VjeJ,teT (13)

The constraint in Equation (14) ensures that each infected area has only one RDC to provide emergency medical

supplies.

K
kz wi(c) =1,VjeJ (14)
=1

Constraints in Equation (15) and Equation (16) ensure that the emergency supply demands of each infected area can be

met. Through the dynamic and real-time data of susceptible population Equation (15), the dynamic and real-time optimal

change of decision is realized.
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ZT:mlj(t):Zsk/(c),VjeJ,teT (15)

J
Y oile) = X syle), Vk € K (16)

Constraints in Equation (17) and Equation (18) ensure that only the set RDC can provide the turnover services of
emergency supplies, where M is a positive integer large enough to limit the maximum turnover capacity of RDC supply.

ui(c) < zi(e),Vk e K,jeJ (17)

si(c) < Mzi(c),VkeK,jeJ (18)

The constraint in Equation (19) is the restrictions of the maximum number of RDC.
K
Y zi(c) <K,VkeK 19)
k=1

The constraint in Equation (20) is the restrictions of SNS’s supply capacity.

§: @i(c) < @i(c),Viel (20)
k=1

Constraints in Equation (21) and Equation (22) are the distance fo

2n

(22)

(23)

c)={0,1},VkeK (24)

wi(c) ={0,1},VkeK,jeJ (25)

@u(c) >0,VkeK,iel (26)

si(c) >0,VhkeK,jeJ 27)

xi(c),yi(c) € R,Vk € K (28)

Among the ab ecision variables, the information of RDC and infected area are mainly composed of two levels. In

terms of the decisi aking guidance of the first-level government, the outputs we should focus on are the information
of RDC’s geographical location(x(c),yk(c)) and both of the input(sy;(c) ) and output(g; (c)) of emergency supplies. In

terms of the decision-making guidance of the second-level government, the outputs we should focus on are the quantity

of h-th EDH (;1]” (c)) in infected areas and both of the input(¢;(c)) and demand of emergency supplies.

It is worth noticing that the constraints shown in Equation (23) are all integer variables (positive integers, negative
integers, and zero). All the integer variables are respectively corresponding to the number of the h-th EDH in the group of
the adding, the decreasing, or the unchanged of the infection area j in the cth decision period. The constructed
optimization model is a nonlinear programming model of mixed integers based on the fact that the objective function
of the above model contains two terms as the variable multiplication term (ukj(c)skj-(c) ) and the variable judgment

158 hetps: Risk Management and Healthcare Policy 2022:15

Dove!


https://www.dovepress.com
https://www.dovepress.com

Dove Zheng et al

29-36

termmax{n/"’(c)7 O}. The two nonlinear terms can be linearized by corresponding methods in solution, thus needing

no further elaboration. The above model not only selects emergency response sites for allocation optimization among
continuous multiple facilities with undetermined number of sites, but also incorporates capability combination optimiza-
tion. Thus, the solution mentioned here is more complex than the general set coverage issue (the set coverage problem
itself is an NP issue).

Collection and Processing of Data
The third stage of the decision-making framework model is data collection and processing, and its main function is to
give calculation results of the above optimization model. Efforts could be made in three aspects: setting the correspond-

ing capacity of EDH in each infected area, setting the optimal number of RDH in the entire area and allocating the

emergencies are constantly collected and recorded. Because the actual data of public
different from the predicted data, the next step is to introduce a data-driven method t j
of public health emergencies.

Adjustment and Update of Parameter
Within the framework of dynamic emergency decision, we can get actu ' i 1sion-making period after
the optimization results (in The Design of Emergency Logistics rocessed (in Collection and
Processing of Data). With reference to formula (6) in Analysis of Public Health Emergencies, for
any day of t = 1,2,---, T — 1 in the decision-making period, ation system can be constructed as

shown in Equation (29).

(29)

9 that the population of the region can be relatively stable, that is to say, the total population is
a constant. S@erefore, the equation should be the one as shown in Equation (31).

Ni() = Si(0) + Ej(0) + [i(0) + 4;(0) + B;(0),Vj € J, 0 €T G

Based on the characteristics mentioned above, this paper performs the determinant transformation of the linear equations,
as shown in Equation (30). It is easy to find out that the rank of the coefficient matrix is equal to the rank of its
augmentation matrix and the number of variables.

rp = r(B\b) =4 (32)
In terms of the above features, the system of linear equations has only one solution.

x=B"b (33)
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Thus, the four parameters f;(¢), p;(¢), 9;(¢) and y;(¢) in the SEIAR model have unique values at any time t = 1,2, -+, T —
1 and in any region j € J. Considering the principle (Trend Prediction) of the data which is closer to the later period of
public health event of the decision-making, the greater impact on the update of the parameter of a public health event in
the subsequent decision-making, the above four parameters should be adjusted and updated to Equation (34)-Equation
(39) as shown below.

T-1

URXIONTE (34)
1=
7-1
P =X opi(1),Vj€J (33)
t=1
T7-1
5 =Y o),V eJ (36)
t=1
7-1
7; = Zl wt?’j(t)avj eJ (37
1=
2t
=— " Vt=1,2,--- 1
Wy T(T*l)7 t [t 9 (38)
T7-1

(39)

condition that O<w;< - - - <wg_; (that is
greater impact the parameter boast does). At
ies J’f, P 6].* and y;, and substitute them into the
ecision cycle, which is worth explaining. In addition, the
by data. The obtained ﬂ;‘, p}‘ﬁ; and yj’.‘ are a convex

and Parameter Settings
In order to test tN@effectiveness of the proposed decision framework model, this paper takes the HIN1 public health
emergencies in Jiang®u Province as the case background. With two SNSs in the southeast and the northwest of Jiangsu
Province, one receiving point (POD) of emergency medical supplies is set up in each prefecture-level city of Jiangsu,
serving the function of receiving and distributing materials to local emergency designated hospitals (EDH). The
geographic location information of each point has been known in advance and the data on public health emergencies
can be downloaded from the National Public Health Data Center. The parameters of initial values of the SEIAR model
are set based on the related papers of HIN1 public health emergencies.”” At the same time, it is assumed that each patient
needs 3 unit doses of medical supplies per day, and the decision-making period is set to be 30 days (supposing that there
are 30 days per month), while the duration of public health emergencies is from July 1, 2009, to April 25, 2010, with

a total of 300 days (that is 10 cycles). In the test of this example, the EDH is assumed to have two capacities, 30 beds and
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Table 3 Pseudocode of the Hybrid Enumeration Search and Genetic Algorithm

Algorithm

Input: all parameter values involved in the model
Output: Design of emergency logistics network for each decision-making cycle.
Initialization: In any region, the relevant initial data of the SEIAR model is given.
Update: c = 1;
while ¢<C do
forj=1,2,---,J do
The analysis of the transmission of public health emergencies is conducted through formula (6) to obtain the evolution results of
S;(t), Ej(1),1;(t), 4;(t), R;(t) of each day within the cycle; the calculation of daily emergency medical supplies required for the current cycle is
made based on the number of patients; the solution to the sub-problem in capacity combination optimization (question | in section 2.2) is
made according to the maximum number of patients, with the understanding of how many EDHs and corr: es should be
established in each infected area.
end for

Update:k = 1; It is necessary to search through all k values since the optimal k is unknown.
while £ =K do
Update:n = 1; The approximate optimal solution in this scenario is obtained through the
while n<Gen do’
Geographic locations of k RDCs are generated in a random way. As the number an i i (that is, a certain scenario is
given), the distance variables in the MINLP model in Section 2.2 have been all . i model of the remaining mixed-
integer can be solved directly by the Cplex software, and the feasible solution of tl logistics network in this scenario can be obtained.
By repeating the above steps, as many feasible solution sets as needed ca

solution).
Use the roulette method for chromosome selection to construct nejbopulations.
Use arithmetic crossover to generate a new geographic location for rent, and then form a new feasible solution. After
A random method is used to generate a new geographic |d nt parent, and then a new feasible solution is formed. After
a comparison between the parent and the child, the bette
n«—n+1;
end while
n«n+l;
The approximate optimal solution in
k—k+1;
end while
Decide how many RDCs shou
Carry out the above plan
Adjust the relevant p.
c—c+1;
end while
Output the

e fixed cost of the 30-bed EDH is estimated to be CNY (Chinese yuan) 300,000. The fixed cost of the 50-
bed EDH is &@mated to be CNY 450,000. Considering the economic benefits, the unit cost of patient treatment is
changed to CNY 600, and the fixed cost of RDC is changed to CNY 200,000, while the unit cost in RDC is estimated to
be CNY 10. In addition, we set the unit transportation costs gi and /;; to be CNY 0.01 and CNY 0.012, respectively.

Test Results

Comparison of Prediction Results and Optimal Capacity Setting

Taking the Xuzhou City (region 1) as an example, the solid black line in Figure 3 is the collected actual data of the
number of infected people, and the red dotted line is the data of the number of infected people predicted by the dynamic
adjustment decision-making framework proposed in this paper. First of all, as Figure 3 shows, in the application of the
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Figure 3 Comparison between the predicted number of the infected and the actual data.

proposed decision-making model in this paper, there is an ic adjustment after each decision-making cycle.
The dynamic adjustment and update of parag mprove the accuracy of describing the evolution of the

ing the predicted number of the infected people (red dot

ased on the dynamic adjustment in the 13 infected areas. In terms of statistical
#crence between the predicted results and the actual results. Finally, Figure 3

changes in publicY@mlth emergencies. In addition, Figure 4 shows that there are economies of scale. Therefore, it is
recommended that more bigger-bed-type (50-bed type) EDH be installed in emergency practice, for it can satisfy the

treatment needs of more patients while with less emergency cost.

RDC Settings for Decision-Making Cycles

Figure 5 shows the number and the relative size of RDCs in each decision-making cycle. For example, only 2 RDCs are
needed to be set in the first decision-making cycle and they, respectively, bear 62% and 38% of the transshipment of
emergency medical supplies; In the second decision-making cycle, for the transmission of public health emergencies, 4
RDCs are needed to be set, which are responsible for 23%, 8%, 46%, and 23% of the emergency supplies transshipment,
respectively. In the design of the emergency logistics network, the purpose of the setting of RDC is to form economies of
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Figure 4 Optimal setting of EDH capacity in decision-making cycles.

scale and save emergency logistics costs. Therefore, al transmission of public health emergencies, both the

number of patients and their demands for emg supplies increase. More RDCs need to be set up to provide

example, the number of RDCs decreaSttrom the 6th decision cycle. Significantly, many RDCs are the

temporarily rented large ven arehouses which are used for the transfer and allocation of emergency

beginning, wh € amount of emergency medical supplies by SNSZ had seen increasing from the beginning, reaching the
peak in the seventh period, and then gradually decreasing with its supply ratio which shows a similar change. The main
reason for the changes mentioned above is that the demand for emergency medical supplies has grown rapidly at the
beginning. Although the supply of emergency supplies for SNS1 is gradually increasing, the proportion of SNSI supply
would be gradually declined with SNS2. In addition, in terms of geographic location, SNS1 is closer to Jiangsu Province;

therefore, in the initial and final stages of public health emergencies, almost all emergency medical supplies are available.

Parameter Adjustment Settings for Decision-Making Cycles
Taking Xuzhou City as an example, Figure 7A shows the settings of parameters of public health emergencies, which are
P1,p1,61 and y, in different decision-making cycles. There are only slight changes in four parameters, but the basic
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Figure 5 RDC setting in decision-making cycles.

regeneration number (R0O) of public health emergencies has changed significantly. The number of basic
e average period of illness, which is the core index to
Figure 7B, the infectivity of public health emergencies
first seven decision-making cycles, and finally it reaches
in Figure 3. This indicates that when the number of patients

mergencies are gradually under control and show a trend of dying out.

In Figure 8, th&@Rajority of the emergency relief funds (about 76%) are spent on isolation wards in the affected area
(EDH costs), follo¥
of emergency regional distribution center RDC only account for 5%. In addition, the example test shows that the

d by logistics costs for the distribution of emergency medical supplies (about 19%), while the costs

allocation of emergency budget funds should be handled properly in areas with high initial infections or high incidence of

public health emergencies.

Effect of Different Time-Picking for Initial Intervention

In order to demonstrate the impact of different time-picking for initial intervention on emergency rescue, this paper tested
four different scenarios every half month, and the results are shown in Figure 9. The exact consequences of one-day-
delay (or a period of time) are still unclear, but early intervention and rescue efforts are known to be quite important in
public health emergencies. It can be seen clearly in Figure 9 that the later the emergency rescue starts, the higher the total
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cost of emergency rescue required. Assuming that the emergency intervention begins on July 1, the final total cost is
CNY 491 million; then, assuming that the emergency intervention is delayed until July 16, it will cost CNY 509 million.
It clearly shows that one-day-delay in carrying out the emergency rescue of public health emergencies requires hundreds
or even tens of millions of additional costs. Therefore, in the actual emergency response to public health emergencies, the
response speed of the government is crucial. For example, as of September 2019, China has discovered 155 public health
emergencies of African swine fever (ASF). Thanks to the timely response of the local government in China, the current
situation of ASF only shows a dotted distribution. Considering the particularity of the China’s pig industry and the
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existence of ASF virus, it is preliminarily predicted t
disease in the following days.

In this paper, fro® the perspective of data-driven, an innovative decision-making framework model for dynamic adjustment
and optimization of the emergency logistics network is constructed. In each decision-making cycle, there are four decision-
making steps which are cyclical and progressive. The four steps include the analysis of public health emergency transmis-
sion, design of emergency logistics network, data collection and processing, and the adjustment and update of parameter. In
this decision-making framework, the entire emergency response process of public health emergencies is transformed into
a collaborative decision-making process of data learning and the optimization of resource allocation. The main theoretical
contributions of this paper include the following four aspects: (1) From the perspective of data-driven, we built a real-time
adjustment and optimization model for public emergency resource dispatch, instead of setting up a general one-time

scheduling optimization; (2) The well-designed decision-making framework model has good universality and scalability,
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and can be a useful reference for other public health emergencies (Smallpox, Ebola, 2019 new coronavirus, etc.). Thus, this
model cannot only solve the problem in the case but also provide a basic framework for dealing with problems like this. (3)
The capacity combination optimization problem is embedded in the proposed network model of emergency location
allocation, so it is difficult to solve the general coverage problem within the set, which has great practical significance.
The problem of capacity combination optimization is embedded in the proposed network model of emergency location, so it
is much difficult to solve the general coverage problem within the sets, which has great practical significance; (4) Taking into
account the characteristics of the linear equation system and the principle of trend prediction, the relevant parameters of
health events are dynamically adjusted and updated.

In this paper, we assumed that the population of the infected area remained generally balanced during the transmis-
sion of public health emergencies, regardless of population movements in the inflected area. For the study of the
transmission of public health emergencies in the future, we will further consider the impact of
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