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A TWO-STAGES MATHEMATICAL MODEL FOR A COVID-19 VACCINATION
FUZZY SCHEME AND RESOURCE ALLOCATION IN HUB LOCATIONS
CONSIDERING TRANSMISSION RISK AND ENVIRONMENT FACTOR
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In this section, we review the history of how corona virus emersion and distribute in the world. In the second
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Abstract. Tackling with Covid-19 dilemma of vaccine distribution needed a stack of analysis and
examination. This paper develops a generalizable framework for designing a hub vaccination dispensing
network to achieve expand the Covid-19 vaccination coverage for public. Designing a hub location
routing network for vaccine distribution is the main concern for this research. The proposed model
hinges on maximum coverage and patients’ safety by considering high-priority population alongside
the cost reduction in an uncertain environment. The hub location model enhances the accessibility of
the vaccines to various communities and helps to overcome the challenges. The results of this model
were examined through both numerical and case studies in the north of Tehran to demonstrate its
application. Furthermore, in order to reduce the costs of vaccine imports, vaccine entry routing can be
developed from border and air points to the country in order to be able to perform vaccination in the
fastest time and lowest cost in the future. The results concede that increasing the number of outreach
dispensing locations per hub dispensing location will not necessarily result in increased coverage.
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1. INTRODUCTION AND LITERATURE REVIEW:

section we review the literature related to designing the covid 19 vaccine hub location.

In late December 2019, an unknown outbreak occurred in Wuhan, Hubei province, China. The outbreak
has spread substantially to infect 9720 people in China with 213 deaths and to infect 106 people in 19 other
countries up to 31 January 2020 [1]. Covid-19 is a crucial epidemic that even impacted unsettled value networks

and global economies [2].
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The Covid-19 pandemic is among the deadliest global public health crises faced by modern society. Scientists,
research labs, and governments have raced to find vaccine candidates for this virus to defeat this global pandemic.
Key challenges in distributing and administering these vaccines to various communities in a timely and equitable
fashion still lie ahead. An orderly and effective vaccination campaign is essential in combating the global Covid-
19 pandemic [3].

At that time, the total global deaths had already topped 1.6 million. The launch of this vaccine, as well as
other candidates that have emerged globally, provides a beacon of hope for society to return to normal. Outside
the U.S., other countries such as Canada, Japan, Belgium have also placed orders to procure vaccines from
various sources. However, along with the first wave vaccinations in the U.S., we find that, while developing a
vaccine is a monumental step, it is the first of many key milestones along the journey [3].

The outbreak of Covid-19 has put the economy in jeopardy, with many people losing their jobs and countries’
health systems collapsing due to a lack of preparedness for the disease. The longer communities and governments
wait to address these risks, the more problems, they will face. As a result, it is critical to have strategies in
place to combat the outbreak [4,5].

An efficient vaccine distribution needs an effective structure, a vaccine distribution location and a vaccine
allocation plan [6,7]. Examination of the demand is too important. It’s helpful to recognize the right vaccine
distribution flow [8].

Another issue relates to vaccine distribution is when vaccines have arrived at the port of entry, it can take
a significant amount of time before shipping to the Distribution Center (DC) [9]. Vaccines have to hold at
cold storage and warehouse facilities, and they need special equipment for storage. Warehouse location is a
strategic decision that requires a method procedure that integrates both tangible and intangible criteria into
the decision-making models [10-12]. Jecker et al. [13] generate a model to assist the determination procedure
considering the best location where cold chain logistics facilities might be sited.

Rastegar et al. [14] states that at this time there are no approved drugs for this virus; thus, vaccine distribution
and prevention are crucial. He focused on vaccine distribution as a way to pave the path for decision makers.
Rastegar et al. [14] and Yang et al. [15)’s objective was to minimize the overall cost of transportation, facilities
and storage over the whole network. In the model, vaccines flow from the national center to clinics, usually via
one or more intermediate hubs. The model determines the clinics assigned to each hub, the national center-to-hub
and hub-to-hub connection.

Yang et al. [15] addressed the design of the distribution network for WHO-EPT vaccines. They developed a
mixed integer programming (MIP) model that optimizes the design of the distribution network. The resulting
formulation for a national network is too large to solve optimally using standard commercial software and they
develop a novel algorithm that solves a sequence of increasingly larger MIP problems.

Tirkolaee et al. [16] developed a mixed-integer linear programming (MILP) model to formulate the sustainable
Multi-Trip Location (MTLRP-TW) routing problem for medical waste management in the Covid-19 epidemic.
The objectives are to simultaneously minimize the total travel time, the total violation of time windows/service
priorities, and the total pollution/environmental risk imposed on the population around the disposal sites.
Pacheco and Laguna [17] studied a model for receiving and delivering the mask shield and optimizing its cycle
according to the Covid-19 condition that was solved with a metaheuristic approach (Tabu Search).

Alipour-Vaezi et al. [18] proposed a method to have scheduling of Covid-19 patients based on the priority
criteria. It is completely reasonable to optimize the health care queuing systems to minimize the infection rate
by prioritizing patients based on their health condition so patients with a higher risk of infection will leave the
queue sooner [19]. Proposed an advanced methodology to enhance the infirmary preparedness during Covid-19
pandemic [6]. Fereidouni et al. [20] analyzed the food consumption habbits and its interaction with the Covid-19
outbreak in different age groups.

Erdogan et al. [21] pointed out that challenges such as supply shortages and unreliable transportation and
storage facilities in the developing countries affect patients’ access and, availability and quality of the vaccines.
Many of the developing countries do not have the resources to design and manage a temperature-controlled (cold
chain) supply chains and may consider using other storage devices that do not depend on unreliable electric
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power. In this paper they propose a mixed-integer programming model to optimize the delivery of vaccines to
the developing countries in Africa. Erdogan et al. model aims to find the locations of the regional distribution
centers (RDCs), optimal allocation of countries to RDCs and transportation modes to be used considering
capacity and expiration duration based-on cold-chain life.

Sadjadi et al. [22] proposed a robust counterpart approach to design the network of a vaccine supply chain.
First, a deterministic mixed-integer programming model was presented. Then vaccine demands, province repos-
itories’ opening costs, and district storehouses’ opening cost were as uncertain parameters, and the robust
counterpart for the problem was developed.

Yang [23] pointed out the broad goal of research is to optimize the design and operation of the WHO-EPI
vaccine distribution chain in underserved low- and middle-income countries. Yang first formulated a network
design problem for a general WHO-EPI vaccine distribution network as a mixed integer program (MIP). Then
they present three algorithms for typical problems that are too large to be solved using commercial MIP software.

Mohamadi and Yaghoubi [24] stated that a multi-objective model is presented that aims to determine the
location of transfer points and hospitals to provide timely quick reaction for treating injured people as well as
to determine unreliable and reliable depots for the distribution of medicines and medical equipment.

Rahman and Smith [25] use location-allocation models in health service development planning in the devel-
oping nations. The purpose of Rahman and Smit’s article was to examine the suitability of location-allocation
methods for designing health care systems and their relevance to overall development problems in such countries.

Beheshtifar and Alimoahmmadi [26] mentioned that optimal number and locations should be determined in
order to establish new healthcare facilities. Unsuitable locations for these facilities may result in substandard
customer services and increased expenses. Their study applied a multi-objective model that combined Geograph-
ical Information System (GIS) analysis with a multi-objective genetic algorithm to solve this location-allocation
problem.

Khojasteh and Macit [27] developed a stochastic optimization approach to determine the warehouse location
of medical supplies and decide their inventory levels and allocate in medical supply.

The remainder of the paper is organized as follows. Section 2 focuses on the literature in Covid-19, location-
allocation, and vehicle routing problems. In Section 3, we delve into the problem description and methodology
and for the final part we analyze the results and discuss the insights of them in Section 4.

According to the reviews, little attention has been paid to vaccination of infectious diseases in topics such as
hub location and vaccine distribution. The uncertainty models due to different complexities and also the use of
robust models for vaccine distribution modelling have been less studied. The use of uncertainty contributes to
the fair distribution of vaccines (to reduce the probability of deficiency). In the face of diseases with high risks
of infection, facilities should be constructed so that population density in the chain is controlled. It is possible to
distribute at a lower cost, but paying attention to the health of citizens is very important. In this study, along
with covering the gaps, the Vaccination distribution modelling has been investigated according to the specific
conditions of Covid-19.

In this research, the focus is on these following topics:

(1) Presenting a two-stages model with uncertainty demand

(2) Locating central distribution centers and hubs to best cover citizens and constructing them

(3) Allocating Covid-19 vaccines to sparks

(4) Planning the routes of distribution vehicles from central distribution centers to sparks

(5) Reducing the density of populations that turn to sparks for vaccination to decrease the risk of Covid-19
transmitted

(6) Distributing vaccines in-network with safety environment factor.

The proposed model can be used for other infection vaccine distributions (not only Covid-19 infection), but
some purpose just developed for a high transmit infection.

In this article we work on hub location of all vaccines approved by WHO. Considering the very short shelf-
life of ultra-cold vaccines, we introduce a hub location network configuration in which dispensing sites can
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share their vaccine inventory, use up the ultra-cold vaccines quickly, and further reduce the vaccine waste. This
hub-and-spoke network configuration allows more flexible network expansion or reduction in each vaccination
campaign phase when needed. Moreover, to compare the coverage of different dispensing sites, we introduce
a coverage index calculation model which considers not only the population lived around a dispensing site,
but also the local travel and economic characteristics that impact vaccination wiliness. With this condition,
planning for equity and safe distribution requires an efficient vehicle routing decision. In this research, a vaccine
distribution chain is modelled to cover the distribution of vaccines from supplier to consumer. The use of robust
uncertainty has reduced the probability of shortages in vaccination centers, use the capacities of optimal centers,
and allocate vaccines in a fair chain. One of the contributions of this research, along with covering the gaps
of previous researches, is the development of a temporary location model and vaccine routing considering the
conditions of the disease. The high density of referrals to service centers can increase disease among citizens.
Constructions in this chain are planned in a way that along with cost reduction, the probability of outbreak
is also considered. And also, in our paper we want to organize the distribution of Covid-19 vaccines such as:
Sinopharm and AstraZeneca.

2. METHODOLOGY

2.1. Problem description

Given the importance of Covid-19 vaccination for exiting pandemic restrictions, public health and clinical
professionals worldwide need to plan of publication of Covid-19 vaccine distribution [28]. In global vaccine
distribution, vaccines should be transported from sources to civilizations and civilizations should vaccinate in
equity condition with high availability, safety and efficient chain [29].

This study will develop the following topics: presenting model with uncertainty demand, locating central
distribution centers and sparks to best cover citizens and constructing them, allocate Covid-19 vaccines to
sparks, plan the routes of distribution vehicles from central distribution centers to sparks, reduce the density
of populations that turn to sparks for vaccination to decrease the risk of Covid-19 transmitted, distribute
vaccines in-network with safety environment factor. The generated model can be used for other infection vaccine
distributions (not only Covid-19 infection), but some purpose just developed for a high transmit infection.

Figure 1 illustrates a global Covid-19 vaccination and relief vaccines distribution network. In this section, we
developed the maximal covering and routing model for four-level vaccine distribution. The network consists of
several vaccine manufacturers, central distribution centers, sparks, and demand points (patients who need to
receive the Covid-19 vaccine). Patients turn to sparks and sparks have to vaccinate patients. The location of the
sparks is determined which will over peoples’ locations. The location and demand points are known [30]. The
number of sparks can vary depending on the circumstances. In this model, the costs of construction and risk of
the disease are investigated and the optimal number of sparks for vaccination of patients is determined. Central
distribution centers send Covid-19 vaccines to sparks with specific vehicles. Central distribution centers have
capacity limitations, and multiple capacity levels are available. The location and scale of central distribution
centers and sparks for construction are determined. Each spark center is met by only one vehicle and vehicles
have capacity limitations. Only one vehicle is on each itinerant routing and they return to CDCs when the jobs
are done. Choosing the right location of sparks due the reducing costs, reduces the risk of Covid-19 transmitted.
Vaccine manufacturers produce vaccines and their products are transported to the CDCs.

Due to the nature of the problem, which makes it NP-hard, and because of these applications, the presented
model has two stages for reducing computational complexity. In stage one, sparks are located. Location objective
is optimized by increasing sparks covering citizens and reducing the risk of Covid-19 transmitted. It helps
citizens can easily and safely access to vaccines. Stage two is assigned to CDCs, locating and routing planning
for transporting vaccines from CDCs to sparks with minimizing the distribution cost.

Figure 2 is based on our model research which delineates different stages in hub location. The research
methodology is summarized as Figure 2.
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FiGURE 1. Example of a solution to the problem.

2.2. Stage 1 model

In order to be able to vaccinate patients as quickly as possible, temporary centers need to be established.
Patients go to the nearest Spark according to their location and receive vaccination services. The location of
sparks should be such that patients can refer easily, so the goal is to minimize the maximum distance. In the
next objectives, due to the high transmission of Covid-19, the places that are specified for patients to visit
should not have a high population density. If there are centers that many citizens have to go to, this place
increases the risk of disease and if the cost of construction and equipment is checked, another temporary facility
should be built. Due to the high importance of national vaccination, sparks start their activities in three ways:
construction, user change and use of existing centers. These centers are temporarily established to carry out
nationwide vaccinations at high speeds and in low time. Maximum p facilities must be selected and each citizen
only receives vaccine from one facility are among the assumptions of the model. Since the number of demand
points for urban vaccination is usually very high, in this research, the demand points have been aggregated by
[31] research method.

In this phase, we considered the defined location for sparks. In the primary section, the aim is to optimize the
amount of coverage and in the next part is to minimize the contracting of Covid-19 during referral to sparks,
which is considered as a cost of treatment.

Sets and indicators:

I Index of demand points indicated by 7 € T
J Index of candidate locations for spark facilities indicated by j € J
N; Index of candidate locations for spark facilities that can complete or partial covering demand point ¢ €

Parameters:

Local dispensing site; a = 1,2,..., A

The number of local dispensing sites being considered as potential outreach dispensing sites
Hub dispensing site; b=1,2,..., B

The number of hubs within the given region

S



1102

A.S. GHAFFARI MAJID ET AL.

\

Given the importance of COVID-19 vaccination
and locating hub to coverage sparks

l

Vaccines should be transported from sources to
civilizations by using hub location

Develop the maximal covering and routing model for a
four-level vaccine distribution

Step (1): problem description

J

R

Step (2): Mathematical formulation

Introducing model indexes, parameters

In stage one patients go to the nearest spark as soon as
possible according to their location and receive vaccine

In stage two determining the temporary locations of
distribution centers and routing vaccines to sparks

FIGURE 2. Hub location model.
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fa The coverage index of the local dispensing site a (f, > 0)

mMa* The maximum number of outreach dispensing sites that can be connected to hub dispensing site b
lg) The driving time between site a and hub b
uMax  The upper limit on the allowed driving time from a hub to its outreach dispensing sites considering the
ultra — cold vaccine shelf life
f = { 1, if local dispensing site a is selected to connect with hub b.
@ =10, otherwise
di;  Distance between demand point ¢ € I and candidate location j € J
P Maximum facilities can open
Sij Satisfactory level that creates by spark facility in candidate location j € J for demand point ¢ €
N;;  Number of demand point j cover by spark ¢
D Average probability of contracting the Covid-19 (for each person)
é Cost of fear Covid-19 treatment

1 if dy <S;
Sij = ﬁ it S; <diy <T;
if Ty <dyj
Binary decision variables:

Y; 1 if a spark is opened at locating j € J; 0 otherwise
X,;; 1if a demand point j € J is covered by spark i; 0 otherwise

The model is as follows:

Max Z1 = Z <fa Zta7b> + Z Z Sinij — Z Ninij (1)
b

a iel jeN iel
S.T. Zta,b <1 Va e A (2)
b

> tap < mMAX Vb e B (3)
tapllly < uMAX Vb€ B,Vac A (4)
> Yi=p (5)
JjeJ

d X <1 Viel (6)
JEN

Xij <Y (7)
Xi;€{0,1} (8)

the objective function (1) includes the maximum of coverage index of the local dispensing site which select to
connect to hubs and also the maximum satisfactory level that creates by spark facility in candidate locations.
Constraints (2) and (3) together establish the hub configuration. Specifically, constraint (2) specifies that an
outreach dispensing site can only be assigned to at most one hub dispensing site; constraint (3) specifies that
an hub dispensing site is connected with at most mM#* outreach dispensing sites. Frequent vaccine transfers
occur between the hub dispensing site and its outreach dispensing site. Therefore, it is necessary to limit the
travel distance from the hub dispensing site to its outreach dispensing site because a long trip will not only
shorten the ultra-cold vaccine’s shelf life in dispensing sites but also increase the temperature excursion risk.
Thus, constraint (4) ensures that outreach dispensing site of a can be assigned to hub dispensing site b only
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if the driving time between a and b is within a predetermined upper limit uM®*. Constraint (5) states that a
spark opened at locating can only be equal to the maximum number of facilities that can be opened. Constraint
(6) states that the total number of demand points j covered by hub ¢ can be no more than one. According to
constraint (7), the demand point j which covered by hub 7 must be less than the number of sparks opened during
the locating process. In addition, constraint (8) in the final equation of the first stage states that our demand
point is either covered by Spark or not and also constraint (8) is binary variable constraint.

2.3. Stage 2 model

In this section, the aim of this section is to determine the temporary locations of distribution centers and
routing vaccines to sparks. Considering that there may be a large number of sparks in a city and the main
vaccine storage centers are located in areas that do not have proper coverage of sparks, therefore, centers with
lower vaccine storage facilities should be established in order to distribute the vaccine among the sparks at the
highest speed. Considering that the requested volume of demand points is uncertain due to the aggregation of
demand, the demand of sparks is modeled in an uncertain way. This type of demand is considered as robust-
based according to the existing backgrounds and conditions of demand forecasting (due to the presence of
information). In this section, two objective functions are considered. The primary objective function is cost
type and its aim is to reduce the costs of temporary creation of distribution and transportation centers. In
the next objective function, the reduction of environmental pollutants is intended to distribute the vaccine in
a safe chain. In this model, vaccines in high volumes are sent directly from suppliers to distribution centers
(due to special storage equipment in high volumes). Distribution centers are tasked with distributing vaccines
to sparks with special equipment, and after distribution, the means of transport are returned to distribution
centers. Sparks perform the task of vaccinating citizens with coverage created in the initial phase.

Due to the limited vaccine storage equipment, distribution centers will be selected from the candidate locations
of Set B. These locations can be available as a complete construction, user change, or equipping a location.
Also, if the locations that exist as a distribution center already exist, they can be located in this complex to be
used if they have optimal conditions. The capacity of facilities (demand-supply power) is also specified by the
W set. Set H are vaccine supply centers that can be vaccine factories or imported vaccine supply centers. The
aim of this phase is to distribute vaccines from distribution centers to sparks (marked with F set). Vaccines will
be distributed by A-set means of transport.

Sets and indicators:

H Set of vaccine manufacturers

B Set of central distribution centers

E Set of sparks

A Set of vaccine carrier vehicles

K Set of collection of all central distribution centers and sparks nodes
w Set of capacity levels

Parameters:

cyw  Comnstruction cost allocation of establishing a central distribution center b with capacity level w

w Capacity level

Me Demand at spark e

Upy  Unit operation cost of establishing a distribution center with level w at candidate candidate location b

Spw ~ Maximum capacity of establishing a central distribution center with capacity level w at candidate location
b

I Distance between vaccine manufacturer h to central distribution center b

tho Transportation unit cost from vaccine manufacturer h to central distribution center b per unit vaccine

tre Transportation unit cost from node k to node e per unit vaccine

f Vehicle idling cost (probability of idling per unit distance *unit cost)
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fo Fixed departure cost (probability of departure per unit distance *unit cost)
lke Distance from node k to node e
Pa Maximum carrying capacity of vehicle a

inf A large number

Decision variables:

npy,  Number of vaccines transported from central distribution center m to central distribution i

nge  Number of vaccines transported from node k to node e

Binary decision variables:

drgeq If vehicle a travel from node k to node e take 1; otherwise, it takes 0
Dy, If central distribution center with capacity level w is established at node b take 1; otherwise, it takes 0

The model is as follows:

Min Z1 = Y > cowDow+ D Y UypwsswDiw + D Y taslnonns

beBweW ybe BweWw heH beB

+ Z Z trelkenke + Z Z Z eb + fO eba

ke(BUE) ecE

St. Z Z medkea S Pa

ke(BUE) e€E

S0 drea=1

k€(BUE) acA

szbeagl

beBecE

Z dea — Z deka =0

ke(BUE) ke(BUE)

ane < Z Nhb

eceF heH

§ Ngx — § Nge = m

keB+E k#x ecE,e#x

Z dpw < 1

wew

> s <Y SbwDbw

heH weWw

ane S Z sbwwa

ecE weWw

npy < inf Z Dy

weWw

nge < inf Z dkea

acA
dbea < Z wa
weWw
dbea =0

beBecE acA

Va € A

Vee E

Va € A

Vae A ee E

Vbe B

Ve e FE

Vbe B

Vbe B

Vbe B

VYoe B, he H

Vke K, ec E

VoeB,eeFE, ac A

Voe B, ecE,ac A

1105
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Z dpea = Z deba Vbe B, a€ A (23)
eckE eckE

Area + depa <1 VoeB,acA ecE, kcK (24)
dieq € {0,1} Vke (BUE), ec E, ac A (25)
Dy, € {0,1} Vbe B, weW (26)

In function (9), the first item is facility construction cost, the second item is the operation cost of the distribution
center, the third item is the transportation cost from the factory to the distribution center, the fourth item is
the transportation cost from the distribution center to the sparks point and the 5th item is vehicle idling and
departure cost.

Constraint (10) is the capacity constraint of a vehicle. Formula (11) ensures that only one vehicle is serving
any spark point. Constraint (12) requires that each vehicle serves at most one distribution center. Formula (13)
indicates that a vehicle cannot stay at a node. Constraint (14) denotes that the quantity of products transported
into the distribution center must not be less than the quantity transported out of the distribution center. For-
mula (15) ensures that the demands of all demand points are met. Constraint (16) shows that each distribution
center has at most one capacity level. Constraints (17) and (18) are capacity limitations placed on inbound and
outbound transportation to and from the distribution center, respectively. Constraints (19)—(21) denote that
the distribution center performing the task must be open. Formula (22) states that a vehicle cannot travel from
one distribution center to another, reducing the search scale of the solution space. Formula (23) denotes that
each routing starts and ends at the same distribution center. Formula (24) is sub-tour constraint and finally,
formulas (25) and (26) are binary variable constraints.

3. SOLUTION APPROACH

The model presented in this study is a nonlinear programming model and as well as a NP-hard one. To
solve the small-size examples of the model, an exact method named generalized algebraic modelling system
(GAMS) 24.2 version on the Core i7 system is applied. According to the nonlinear programming model with
the possibilistic parameters in the constraint, we start the process defuzzification. Considering the following
model, we will try to use this defuzzification method to change the model into a linear programming model and
in the following, We explain the defuzzification method and how it allows us to turn a nonlinear programming
model with possibilistic parameters into a linear programming model that can be solved using normal linear
programming algorithms.

3.1. Defuzzification

When C is an uncertain value parameter, the membership degree uz(z) can be viewed as the plausibility
degree of C taking value x. Zadeh [32] defines a possibility distribution associated with C as numericallyequal
to piz(z).

As specified in the solution method in this article, the proposed linear fuzzy mixed integer model is converted
to a definite model. Because of its high efficiency, the method proposed by [33] was used. The following are the
reasons for selecting the Jimenez method over other available methods to de-fuzzy the proposed model:

— This method has a high computational efficiency in solving fuzzy linear problems because it does not increase
the number of objective functions and problem constraints with meanwhile maintaining the model’s linearity
(of unequal material). As a result, the method is easily applicable to large-scale problems, such as the model
proposed in this article.

— This method is based on Jimenez’s general ranking method and it can be applied to indefinite parameters with
various fuzzy membership functions, including triangular, trapezoidal, and nonlinear membership functions,
in both symmetric and asymmetric states.

— This method has strong mathematical support because the foundations of this method are strong mathe-
matical concepts from Fuzzy numbers such as “Expected Interval” and “Expected Value” [34].
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As a result, as mentioned, the Jimenez method was founded on the concepts of “Expected Interval” and
“Expected Value” when it was first introduced by [35,36]. A hypothetical triangular fuzzy number C' =
(CP , O™, C"’) is used to introduce these concepts [37]. The equations that follow they are known as C' mem-

bership functions:

c™—cP

folz) = 2= if P <z < ™
1

~(x)_ if © =™
e Ge(r) = S22 ifem<a<e
0 if x <cPorax>c®

For triangular fuzzy numbers C' Expected Interval (EI) and Expected Value (EV), are defined below:

BI@) = 51, 55] = ] £ (@)dx [ (@)i| = [ 5+ em gem +.) 0
BV () = Ef—;—Eg _ cp+2zm+c°. (28)

Moreover, for each pair of fuzzy integers a and b, the degree to which a is bigger than b is defined as follows:
115 (d, l~)> signifies the degree to which a is greater than b, and when LM (EL, l;) > « is stated, a is at least to the

degree that is greater than or equal to B, and is displayed in the form a >, b.

0 if B —EY <0
o E—EY .
MMQLQ:: P if BY — E} <0< B — E}
1 if B¢ — E5>0

In addition, for any pair of fuzzy numbers a and b, it is claimed that “@ is identical to b with o degree” if both
of the following inequalities hold:

a Za/2 ba a Sa/Q b (29)
or

%SUM(d,B)Sl_% (30)

and as indicated in Figure 3, an illustration of “Expected Interval” and “Expected Value” is presented.
Consider now the mathematical programming model of the subsequent option, all of its parameters being
defined as fuzzy triangular or trapezoidal numbers:

min z = & (x) (31)
s.t.

@z > by, i=1,...,1 (32)
aiz = b, i=14+1,....,m (33)
x>0 (34)

Jimenez demonstrates that the answer vector x € X™ is “solvable with degree if and only if”

ming—1 . m = {,um (dix, I;Z)} =a. (35)

Lastly regarding prior partnerships in the constraints of the mathematical programming model, the inequalities
and equationsa;x > b; and a;x = b; are comparable to the following relations:

Egﬂ - Eih .
; ; b; b, = @
EYi® — B%* 4 Fbi — Eb

i=1,...,1 (36)
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H,

FIGURE 3. A graphical illustration of the EI and EV of the fuzzy triangular number C.

Ea,i:c _Ebi
< Tl <1-2 i=itl...m (37)
E'27, _ El'L + E2t . El'L 2

o Q

These relationships can be substituted with their equivalents indicated below:

[(1—)EY + aEY )z > aEY + (1 —a)EY, i=1,...,1 (38)
Kl—%)E;i—&-%E{“}xz%ES"%—(l—%)Ei’Z i=1+1,....m (39)
{%E;i+<1—%)E;“}xg (1—%)]531'—&-%]3{“7 i=1+1,...,m (40)

Using the Jimenez ranking approach, it can be demonstrated that a feasible answer, such as 2, is an optimal

basic feasible solution with degree for the aforementioned model if and only if, for all feasible vectors (let’s call
them z) that have @,z >, b; for i =1,...,0 and a;x =, bfori =14+1,...,m and = > 0:

&(z) =1 & (2?) (41)

=

Consequently, in such a circumstance, it is evident that 20 is at least half as good as the other alternative
options (for the minimization objective function). The imbalance stated above may alternatively be expressed
as:

B + Bf"  B§™ 4 By
2 - 2
Consequently, utilizing the notions of Expected Interval (EI) and Expected Value (EV) of fuzzy numbers, the
definite model equal to the fuzzy model with the parameter may be expressed as follows:

(42)

min EV(é)x (43)

s.t.

[(1—)EY + aEY )z > aEY + (1 — a)EY, i=1,...,1 (44)
N a0 X, oy, o\ b, .

[(1—5)@ +§E1}x2§E2+<1—§>E1, i=1+1,...,m (45)

{%ng(l—%)Eﬂzg (k%)EQ%%E?, i=1+1,...,m (46)
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TABLE 1. Parameters that distribution centers can adopt.

lke w fo Upw Ino  the

100 50 30  0.35 150 20
200 150 50 0.16 200 25
350 270 70 0.05 280 45
500 350 84 0.009 350 70

3.2. Defuzzification structure of problem

Considering that the population at the demand points may be uncertain (depending on the power of out-
breaks, accidents and crises) therefore, in order to convert the non-certainty to definite model should linearization
constraints (10) and (15).

To do this, we just need to replace constraints (10) with:

[(1 = a)m? +mi]a <p, (47)
05<a<l (48)

and to linearization constraint (15) should replace it with:

Z Ngi — Z Nie = (1 — a)m? + am?. (49)

bEB+E,k#i e€E,e#i
4. NUMERICAL EXAMPLES

4.1. Computational experiments

GAMS 24.2 was used to code the model presented in this study. To verify its validity, The MIP solver is
used to solve small-scale problems on a computer with a Core i7 CPU, 2.00 GHz, and 4 GB of RAM. In this
study, numerical data were used to investigate the model more thoroughly. In the small size problem, a vaccine
distribution chain with 37 components, 3 main distributors, 14 sparks, and 20 aggregated demand sites has been
explored. Moreover, a 45-component vaccine distribution chain with four major distributors, eighteen sparks,
and twenty-five aggregated demand sites has been studied for the medium-sized problem. Table 1 depicts the
parameters for the small instances and medium size, and the large numerical example is created by adjusting
the number of demand points, the number of hubs, the number of driving time constraints, and the number
of coverage indices. With these policies, we expand the scope of the problem in order to examine a variety of
issues from different perspectives. For the stage 1 of our model, we assume 13 hospitals and health centers that
all are candidate hubs, 3 candidate distribution center and 17 aggregate demand point. In stage 1 of our model,
we increase the coverage radius and also the driving time limit of coverage radius. Table 2 shows the location of
sparks and the demand for vaccines, for which we have 30 hubs and the locations of each hub and the volume of
vaccines that used in hubs. Table 3 presents the locations of candidate central vaccine distribution centers that
we have 16 candidate central distribution center and 16 locations. This chain, which is part of the network for
the provision of vaccines to citizens, has been analyzed, and the results are reported in the following section.

4.2. Results and model validation discussion

Table 4 displays the value received by solving the small-size problem, and also, Table 5. Depicts the results
of solving medium-size problem. We present the results of the numerical testing of our model, including the
number of hubs entered, constructed vaccine distributors, routing and value, which are based on the stage 2 of
our model that we mention in Section 2.
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TABLE 2. Location of sparks and their vaccines demand.

Hubs Location Vaccine (litres) Hubs Location Vaccine (litres)

1 (79,11) 101 16 (71,74) 105
2 (30,19) 20 17 (101,41)  10.2
3 (50,24)  10.05 18 (9,10) 105
4 (61,6) 20.2 19 (44,13) 203
5 (17,40)  10.7 20 (11,96)  10.1
6 (66,96)  20.4 21 (100,96) 5.3
7 (27,92) 109 22 (0,58) 5

8 (70,50) 105 23 (79,7) 5.02
9 (75,50) 109 24 (83,23) 2.1
10 (45,35) 203 25 (87,35) 3.2
11 (10,90)  10.7 26 (10,82) 156
12 (25,40) 30 27 (40,2) 10.7
13 (95,12) 30 28 (27,5) 15
14 (16,80)  20.2 29 (81,18)  20.2
15 (85,40)  10.9 30 (45,65) 108

TABLE 3. Location of candidate central vaccine distribution centers.

Candidate central Location Candidate central Location

distribution center distribution center

1 (90,75) 9 (15,19)

2 (20,65) 10 (87,38)

3 (30,45) 11 (63,67)

4 (15,55) 12 (35,79)

5 (15,30) 13 (52,9)

6 (86,73) 14 (41,95)

7 (57,18) 15 (8,80)

8 (56,68) 16 (150,150)

A numerical sample was prepared for final validation and verification tests of the model and the model’s
performance was measured. The model was able to show its desired performance. To confirm the performance
of the proposed model, various parameters that impact the performance of the objective function have been
altered in this section. For instance, if the transportation cost and the location and operation cost increase, the
total cost of our model rises. Figure 4 shows the importance of the cost of this chain that the blue line is the
transportation cost and the yellow line show the location and operation cost and finally the green line shows
the total cost of our model.

Observing that the results of these test problems are reasonable and predictable demonstrates that the model
is accurate and can be applied to the case as we can see in Figure 4.

5. CASE STUDY

As you may be aware, the Coronavirus has infected several nations and areas. Iran is one of the nations affected
by Coronavirus, which ranks eighth in the world in terms of the number of deaths. In Iran, between December
2019 and September 2021, more than 5 million individuals have been infected with the virus and more than
118000 people have died from the sickness (world meters, 2021). This section includes a case study to illustrate
our theory and to obtain insight into vaccine distribution. We focus on the northern part of Tehran, Iran’s
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TABLE 4. Results of solving the small size of the problem.

Number of hubs Constructed central vaccine distribu- Routing Value
entered (in order tors
of number)

4-5-7-6-4)

4-2-1-4) 425.3
4-10-8-9-3-4)

4-5-14-11-7-6-4)
4-12-10-8-9-15-3-4) 678.00
4-2-1-13-4)
4-2-19-3-4)
4-12-18-4)
4-5-14-11-20-7-4)
7-16-6-7)
7-9-8-10-7)

(
10 (No. 4 w = 50) (
(
(
(
(
(
(
(
(
(
(7-15-1-13-17-7)
(
(
(
(
(
(
(
(
(
(
(

15 (No. 4 w = 150)

(No. 4 w = 50)

20 (No. 7 w = 150)

925.7

7-21-6-16-14-7)
7-9-8-15-25-24-17-7)
4-5-14-11-20-4)
4-12-10-3-4)

4-18-22-4)
4-2-19-23-1-13-4)
4-12-10-3-4)
7-15-25-24-29-1-23-13-7)
4-5-14-26-11-20-7-22-4)
7-21-6-30-7)
7-16-8-9-17-7)
(4-2-19-27-28-18-4)

(No. 4 w = 50)

% (No. 7 w = 150)

1150.8

(No. 4 w = 150)

30 (No. 7 w = 150)

1279.23

Notes. The bold and underlined values indicate the beginning and end of a route.

capital. To evaluate and quantify the model’s performance, data from a case study were analyzed. Northern
Tehran, as a part of the Tehran major city, has an estimated population of over 2500 000 in 2021. On the basis
of real data, the case study will establish a hub location and vaccination distribution strategy for a part of the
city. Due to the high number of demand points and the complexity of the model’s high size, at first the demand
points are considered as aggregate. We consider the vaccine distribution components for the northern part of
Tehran, as depicted in Figure 5.

Due to the high population density and the presence of an aging population as well as a limited number of
vaccine centers, we chose this region of Tehran to optimize, solve, and fix with our model.

Collecting information in the form of the necessary data for this study is known as data collection. This
research included both primary and secondary data sources. Using Google Maps, primary information was
acquired. Some of the major data collected for this study include:

— Locate suppliers, hubs, and spokes in the north of Tehran, Iran, and coordinate their activities. We used
Google Maps to pinpoint these exact locations.
— data on the distances separating each intended option.

Secondary data is collected from a variety of sources, including news, official websites, journals, and publications,
among others. Among the secondary data acquired for this investigation are:

— Information regarding cases of Covid-19, risk zoning, and the typical number of new Covid-19 cases reported
each day across all of Tehran’s provinces. This data was obtained from the official website of the Ministry
of health of Iran (behdasht.gov.ir)

— The only health centers selected were those deemed operational by the Ministry of Health’s public database.

— Initial distribution flow planning information includes vehicle capacity, vaccination weight, and demographic
statistics. The Covid-19 vaccine is supplied in an injectable container with a 5 ml volume (equivalent to 5 g).
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TABLE 5. Results of solving the medium size of the problem.

Number of hubs Constructed central vaccine distribu- Routing Value
entered (in order tors
of number)

3-13-11-5-3)
3-25-35-30-28-5-14-12-3)
3-6-7-9-11-18-12-29-3)
3-27-26-35-3)
3-2-20-19-17-3)
3-1-8-10-12-18-3)
(5-15-36-37-16-5)
40 (No. 5 w = 350) (5-18-30-28-39-14-2-5) 1748.64
(5-17-32-33-5)

(

(
35 (No. 3 w = 270) E 1580.45

(

(

3-28-20-38-3)
3-20-42-3)
(No. 3 w = 270) 3-44-1-15-42-9-3)

(
E
5 (No. 5 w = 350) (5-24-20-5)
(
(

1987.32

5-19-28-30-5)
5-45-10-19-27-5)

5-18-16-46-31-5)
5-19-28-45-50-12-21-5)
(No. 3 w = 270) 3-14-8-9-1-3)

(
E
50 (No. 5 w = 350) (3-5-32-38-3)
(
(

2150.24

3-47-40-3)
3-2-41-49-38-10-3)

(3-28-27-2-14-10-3)
(5-50-53-35-40-11-43-33-
5) g -
(5-4-48-55-20-10-38-41-5) 220539
(5-15-28-3-1-20-5)

(5-24-38-49-51-5)
(3-22-39-47-38-8-2-1-3)

(No. 3 w = 270)

%5 (No. 5 w = 350)

Notes. The bold and underlined values indicate the beginning and end of a route.

Fourteen grams comprise the weight of the 5 ml injection vial. The Covid-19 vaccine weighs 19 grams; so,
this conclusion can be reached. The official tehran.ir website is accessed to gather information on the number
of residents in each municipality/district.

Distribution of Covid-19 vaccines for specific groups of people in the community will be scrutinized using the
case study in Tehran province.

At first, each of the target groups with injection conditions have entered their information to determine where
they live and after that the rest of people based on target groups. Due to the high number and density of the
first group (elderly people) in these areas, temporary facilities are needed to increase the vaccination rate for
this vulnerable group. The aim of this case study was to distribute vaccine suppliers to the people in this ward.
The data in this study have been extracted as field studies.

In Figure 6 the image of the components of the hubs are specified. Sparks and candidate distribution centers
have been identified. In this section, due to the presence of the group targets people and the type of injectable
vaccine (imported vaccine) the supplier is located outside this section, which is responsible for sending the
vaccine in high volume to distributors. In Figure 6 the case solved by the designed model is specified.

In the event of a public health emergency, our framework serves as a decision support tool that can assist
state and municipal governments in designing vaccination campaigns. Despite the fact that this framework can
be used to numerous regions and countries to generate generalizable insights, we find that rural and sparsely
inhabited places run the risk of inadequate coverage under the framework’s existing assumptions. For instance,
Figure 6 depicts the potential dispensing locations in North of Tehran. In the rectangle area (potential dispensing
site), pharmacies are located far from the county’s hubs. In such circumstances, public health officials may need
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to examine alternate methods, such as forming agreements with deploying pop-up vaccination administration
locations, to provide fair and equitable access to vaccines.

6. SENSITIVITY ANALYSIS

X X

In this section, the impact of various parameters such as m™** and u™** s;;, D, Spw, Da On the objective
function (Z) and also effect of parameter p, on ny;, and parameter m, on variables will be investigated in order
to assess the behavior of the model.

6.1. The effect of parameters m™®* and u™?* on the 7

In this section, the effect of parameters, m™** and u™* on the maximum coverage index of the local
dispensing site (Z) will be evaluated to determine the behavior of the model.

At first of this section, we do a sensitivity analysis on m™2* in order to determine its effect on the vaccine
delivery network. Figure 7 is the sensitive analysis of our model in which we increase the driving time from 10
to 15 and then 20 and finally to 25. We also increase the maximum number of outreach dispensing sites from 3
to 6. The results of these increases in our parameters increase the coverage radius. According to the Figure 7,
increasing the value of m™?* and u™** leads to an increase in the coverage radius. This suggests that increasing
the number of outreach dispensing sites and the maximum number of doses delivered per week can improve the
overall coverage of the vaccine distribution network. The figure also shows that the effect of increasing m™* is
more significant than that of increasing u™?*, as the coverage radius increases more rapidly with m™*. Overall,
the sensitivity analysis provides useful insights into how changes in key parameters can affect the performance of
the model. These insights can be used to fine-tune the model and improve its effectiveness in real-world vaccine
distribution scenarios.
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6.2. The effect of parameter s;; on objective function

The parameter s;; represents the satisfactory level created by a spark facility in candidate location j for
demand point i. This parameter can have a significant impact on the objective function, which is typically to
minimize the total cost of meeting demand. The satisfactory level s;; can be interpreted as a measure of the
quality of service provided by the spark facility to the demand point 7. A higher value of s;; indicates a higher
level of service quality, while a lower value indicates a lower level of service quality.

a higher value of s;; implies a better match between the spark facility and the demand point, we can expect
that a higher value of s;; will lead to a lower cost, and vice versa.

Therefore, the objective function will decrease as the value of s;; increases, until it reaches a certain point
where the cost cannot be reduced any further. Beyond that point, the objective function may remain relatively
constant or increase as the value of s;; increases, depending on the specific characteristics of the problem and
the objective function. And Figure 8 depicts the line chart of the parameter other objective function.

6.3. The effect of parameter p on objective function

The parameter p represents the average probability of contracting Covid-19 for each person. The value of this
parameter can have a significant impact on the objective function. If the value of p is high, then the objective
function will place a greater emphasis on minimizing the total number of contacts between people. This is
because a higher probability of contracting Covid-19 implies a greater risk associated with each contact, which
makes it more important to minimize the number of contacts. On the other hand, if the value of p is low, then
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the objective function will place less emphasis on minimizing the total number of contacts between people.
In this case, the optimization problem may prioritize other objectives, such as minimizing travel distance or
minimizing the total number of vehicles required. Figure 9 displays a line chart representing the relationship
between the average probability of contracting Covid-19 and the objective function in the optimization model.

6.4. The effect of parameter sp,, on objective function

The parameter sp,, represents the maximum capacity of establishing a central distribution center with capac-
ity level w at a candidate location b. This parameter affects the objective function of the second stage of
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mathematical modeling in several ways. First, if the sy, parameter is set to a low value, it will limit the capac-
ity of the central distribution center at each location, which in turn can lead to a higher transportation cost for
the system. This is because, when the central distribution center is operating at full capacity, the system will
need to resort to alternative, more expensive transportation options to fulfill the remaining demand. On the
other hand, if the s, parameter is set to a high value, it will allow for a greater capacity at the central distri-
bution center, which can lead to a lower transportation cost for the system. This is because, when the central
distribution center is operating at full capacity, the system can fulfill a greater portion of the demand using
the most cost-effective transportation method. As the parameter sp,, increases, the objective function value will
also increase, until it reaches a certain point where increasing sy, will no longer have a significant impact on
the objective function value. Figure 10 in the article displays the relationship between the parameter sy, and
the objective function value, indicating how changes in sy, affect the transportation cost and service level of
the distribution system. The line chart illustrates that the objective function value increases with increasing
values of sy, up to a certain point, beyond which the impact of sy, on the objective function value becomes
insignificant.

6.5. The effect of parameter p, on objective function

The parameter p, represents the maximum carrying capacity of vehicle a. This parameter is one of the
decision variables in the second stage of the mathematical model, where the objective is to minimize the total
transportation cost from the distribution center to the customers. The carrying capacity of a vehicle has a
reverse impact on the cost of transportation. If the carrying capacity of the vehicle is low, more trips will be
required to deliver the same amount of goods, which increases the transportation cost. On the other hand, if
the carrying capacity of the vehicle is high, fewer trips will be required, reducing the transportation cost.

As you can see in Figure 11 as the carrying capacity of the vehicle p, increases, the total transportation cost
initially decreases rapidly due to the reduced number of trips required to transport the goods. However, beyond
a certain point, further increases in pa have a diminishing effect on the objective function, as the transportation
cost reduction starts to level off. This is because larger vehicles may be more expensive to operate or may not
be able to access certain locations due to their size.



1118 A.S. GHAFFARI MAJID ET AL.

25,000

20,000 °

15,000 ®

10,000 ® ° ® 'y ® ®

5,000

0 20 40 60 80 100 120

Pa

FI1GURE 11. Effect of parameter p, on objective function.

6.6. The effect of parameter p, on the parameter npp

If p, is small, the number of trips required to transport a given number of vaccines will be higher, which
could lead to increased transportation costs and longer transport times. This could, in turn, affect the number of
vaccines that can be transported within a given time period. Similarly, if p, is very large, it may not be possible
to transport all the vaccines in a single trip using a vehicle with a small carrying capacity. In such a case, p, would
have a direct impact on ny since it would determine the number of trips required to transport all the vaccines.
A larger p, would be beneficial since it would allow more vaccines to be transported in a single trip, reducing
transportation costs and transport times. However, the exact impact of p, on np, would depend on various
other factors such as the distance between the central distribution centers, the road conditions, the availability
of vehicles, and so on. The maximum carrying capacity of vehicle a ranges from 10 to 50, and we observe the
corresponding changes in the number of vaccines transported nj, while keeping other variables constant. As you
can see, when the value of pa increases from 10 to 50, the value of ny;, decreases from 2000 to 900, which means
that fewer vehicles are needed to transport the same number of vaccines as the carrying capacity of each vehicle
increases. However, beyond a certain point, the increase in the value of pa does not significantly affect the value
of npp. Figure 12 depicts the relationship between these two parameters, as represented by a line chart.

6.7. The effect of parameter m, on the variables

The parameter m., which represents the demand at spark e, directly affects the decision variable ny., which
represents the number of vaccines transported from node k to node e. The amount of vaccines transported
from node k to node e cannot exceed the demand at node e, so the value of ng. must be less than or equal
to m.. Therefore, increasing the value of m. would increase the upper bound on the amount of vaccines that
can be transported from node k to node e. This would allow more vaccines to be transported from other nodes
in the network to node e, as long as the total demand at node e does not exceed the value of m.. On the
other hand, decreasing the value of m, would decrease the upper bound on the amount of vaccines that can be
transported from node £ to node e, which could potentially lead to less vaccines being transported to node e.
Overall, the parameter m, has a direct impact on the amount of vaccines that can be transported to node e and
indirectly affects the amount of vaccines that can be transported to other nodes in the network as well, due to
the constraints that limit the total amount of vaccines that can be transported through the network. Figure 13
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in the article shows the relationship between the demand parameter m,. and the decision variable ng., which
represents the number of vaccines transported from node &k to node e. The line chart illustrates how the value of
nge varies as the demand at spark e changes. As the demand increases, the maximum value of ny.decreases due
to the constraint that the amount of vaccines transported cannot exceed the demand at the destination node.

7. DISCUSSION AND MANAGERIAL INSIGHT

Covid-19 has troubled global businesses. Countries have worked to solve this problem. At first, different
drugs were offered to treat the disease, but in the end only vaccines were able to prevent the disease. Different
routing models were established for rapid supply of vaccines, but it is important to note that vaccination centers
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themselves can be pathogenic. If vaccination centers are not well allocated for citizens, the number of patients
may increase due to the gathering in these centers, so simple routing models could not respond to this problem.
In this study, hub location routing models were proposed that along with paying attention to the reduction of
costs and uncertainty demand, also pay attention to the way citizens are allocated to vaccination centers so
that the number of patients due to accumulation in vaccination centers does not increase. Finally, the results
of this model were investigated in a numerical sample and a case sample. Furthermore, in order to reduce the
costs of vaccine imports, vaccine entry routing can be developed from border and air points to the country in
order to be able to perform vaccination in the fastest time and lowest cost in the future.

Based on the sensitivity analysis presented in last section, here are some managerial insights and advice for
managers:

(1) According to Figure 7, increasing the number of outreach dispensing locations per hub dispensing location
will not necessarily result in increased coverage. Public health experts and local government should examine
the current pandemic situation in combination with demographic data and federal regulations to set an upper
limit on the number of outreach dispensing sites per hub dispensing site.

(2) Based on Figure 7, in the case of a public health emergency, our framework acts as a decision-making tool
that may assist state and municipal governments in developing vaccination programs.

(3) Optimize the location of hubs: the location of hubs has a significant impact on the performance of the
vaccine distribution network. Therefore, managers should use optimization models to identify the optimal
location for hubs based on various factors such as population density, transportation infrastructure, and
healthcare facilities.

(4) According to Figure 8, we can conclude that the parameter s;; has a significant impact on the objective
function, which is typically to minimize the total cost of meeting demand. it is important for managers to
carefully consider the satisfactory level when selecting the location of the spark facility in order to optimize
the service quality and minimize the cost of meeting demand.

(5) Based on Figure 9, a managerial insight from this observation could be that in order to minimize the risk of
Covid-19 transmission, it may be necessary to prioritize the safety of individuals over cost considerations,
especially when the risk of transmission is high. This could involve measures such as reducing the number
of people involved in transportation, increasing the frequency of vehicle sanitization, and enforcing social
distancing guidelines. Additionally, it may be beneficial to consider alternative transportation methods such
as contactless delivery, which could further reduce the risk of transmission.

(6) As Figure 10 depicts managers should carefully consider the appropriate value of s, to balance the trade-off
between transportation cost and service level. Setting sy, too low can lead to a higher transportation cost
due to limited capacity, while setting it too high may not result in a significant improvement in the objective
function value, which can increase the system’s operational cost unnecessarily. Therefore, an optimal value
of sp, should be selected based on the specific operational requirements and constraints of the distribution
system.

(7) Based on the relationship between the parameter p, and the total transportation cost depicted in Figure 11,
it is clear that managers should carefully consider the carrying capacity of their vehicles when planning
transportation routes. Increasing the carrying capacity of a vehicle can lead to significant cost savings
due to the reduced number of trips required to transport the goods. However, managers should also be
aware that there is a limit to the cost savings that can be achieved through increasing carrying capacity.
Beyond a certain point, further increases in carrying capacity may not result in significant reductions in
transportation costs and may even lead to increased operating costs or logistical challenges. Therefore,
managers should consider various factors, such as the type of goods being transported, the distance and
route of transportation, and the operational costs of larger vehicles, when making decisions about the
carrying capacity of their vehicles. By doing so, managers can optimize their transportation routes and
achieve cost savings without compromising on efficiency or quality of service.

(8) Based on Figure 12, the managerial insight for the decision-makers is that increasing the carrying capacity
of the vehicles used for vaccine transportation can lead to a reduction in the number of trips required
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to transport the same number of vaccines, which can result in cost savings and reduced transportation
times. However, managers need to keep in mind that there is a point of diminishing returns, beyond which
increasing the carrying capacity of the vehicle does not have a significant effect on the number of trips
required. Therefore, they need to carefully consider various factors such as distance, road conditions, and
availability of vehicles before deciding on the optimal carrying capacity of the vehicles to be used for vaccine
transportation. Overall, the insight suggests that the decision-makers should aim to find the right balance
between carrying capacity, transportation costs, and transportation times to ensure an efficient vaccine
transportation system.

(9) As Figure 13 illustrates, the demand parameter m, has a significant impact on the amount of vaccines that
can be transported to a specific node in the network. Managers should carefully consider the demand levels
at each destination node and adjust the value of m. accordingly to optimize the distribution of vaccines.
By increasing the upper bound on the amount of vaccines that can be transported from other nodes to the
high-demand destination nodes, managers can ensure that the maximum number of vaccines are delivered
to the areas where they are needed the most. Conversely, decreasing the upper bound on the amount of
vaccines that can be transported to low-demand nodes can help to reduce transportation costs and increase
overall efficiency.

8. CONCLUSION, LIMITATION AND FUTURE STUDIES

Focus in this paper is on locating hubs for vaccine distribution of Covid-19 regarding the constraints that we
have in vaccine storage in countries. Some of these constraints are related to the locating central distribution
centers and hubs to best cover citizens and constructing them for storage. Determining a specific location for
distributing vaccines is of great importance. The problem of designing the hubs for target groups of people
which should vaccine as soon as possible has been resolved using Jimenes defuzzification.

In introduction and literature review section we reviewed the onset of Covid-19 pandemic and the only way to
deal with this pandemic vaccination. And also, we reviewed the hub location model that used in health sections.
In methodology section we proposed a model for hub location problem of distributing vaccines and we divided
into two stages and in section three we defuzzied our model with Jimenez method and in sections four and five
we had a case study that the aim of this case study was to distribute vaccine suppliers to the people in this
ward.

We presented model with uncertainty demand, locating central distribution centers and hubs to best cover
citizens and constructing them, allocated Covid-19 vaccines to sparks, planed the routes of distribution vehicles
from central distribution centers to sparks, reduced the density of populations that turn to sparks for vaccination
to decrease the risk of Covid-19 transmitted, distribute vaccines in-network with safety environment factor. The
generated model can be used for other infection vaccine distributions. And worked on hub location of all vaccines
that approved by WHO. Considering the very short shelf-life of ultra-cold vaccines, we introduce a hub location
network configuration in which dispensing sites can share their vaccine inventory, use up the ultra-cold vaccines
quickly, and further reduce the vaccine waste.

In this situation, it is clear that a supply chain for goods and medications that enables handling exogenous
occurrences like a pandemic is necessary. Innovative supply chain management, simulation, risk analysis, and
optimization techniques must be considered for this. We will be able to respond to a contingency swiftly if we
are able to create designs that are reliable and effective. Numerous studies have been conducted around the
world regarding the treatment of the health crisis, from various angles. The majority of them concentrated on
the clinical treatment of the pandemic, but a sizable portion aims to address issues that are directly and/or
indirectly related to the treatment of the health crisis, like streamlining logistics procedures to ensure prompt
access to health resources and developing simulation models and artificial intelligence that allow defining the
most effective treatment options. Future research should aim to give technical evidence for decision-making in
this exact sense by using an unsupervised support model based on clustering for their Hub Location study.
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The data limitation is one of main the barriers of this study. It can be generalized that this model is applicable
for big data too although the data in this study is not big. Best practice data gathering policies and practices evolve
throughout time. Agencies and their personnel may be unaware of these changes and how they influence them, caus-
ing them to adopt obsolete methods unintentionally. This problem is more common in large organizations and large
settings like this study, especially if knowledge is not shared extensively and regularly throughout the workplace.
Organization’s staff may also continue to use the processes they are most comfortable with if training is not offered
to encourage changes in practice. Hence, that was one of the limitations of this study.

Future studies can focus on other means of uncertainty modelling such as stochastic and robust programming
and benefit from the comparisons of the approaches. It has been suggested due to the vitality of the problem
setting and the momentum of decision-making process. Scholars can also direct their studies on the basis of
Vehicle Routing in this setting. Having considered Vehicle Routing Problem (VRP) can make the whole decision-
making process more synchronize. The solution methodology can be also improved for an integrated VRP-hub
location problem. In addition, future study can utilize metaheuristics for bigger size of problems.
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