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A Robust Vaccine Supply Chain Model in Pandemics:
Case of Covid-19 in Iran

Abstract

Healthcare supply chains face a couple of challenges in keeping vaccines safe from the phase of
production to the injection. Therefore, it is necessary to create a robust vaccine supply network composed
of people and suitable equipments in every place that helps deliver the vaccine safely and effectively to
the consumer. The main contribution of this research, comparing the existing literature, is to propose a
three-objective optimization model for the robust vaccine supply chain network to allocate mobile and
fixed vaccine injection centers. The first objective function minimizes the costs of the entire supply chain,
the second objective maximizes the selected routes' reliability, and the third objective minimizes the
unmet demand. The vaccine supply chain network considered in this research includes several levels:
vaccine injection centers, vaccine suppliers, vaccine storage centers, distributors, and vehicles. The results
obtained from solving the model optimized the allocation of the mobile and the fixed vaccine injection
centers to the areas of a big city (Tehran). That means the costs are minimized, and maximum reliability
is achieved. In addition, according to the results, it can be seen that the robust probability model is much
more stable than the fuzzy probability model and is more robust than the changes in uncertain parameters.
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1. Introduction

The pandemic has spread to every region of the planet and led to a sudden increase in vaccine demand
(Sinha et al., 2023). Following the increasing in the demand, one of the biggest and the most important
challenges is to distribute the necessary vaccines to the injection centers (Assiri et al., 2021; Bown &
Bollyky, 2022; Ibrahim et al., 2021; Duho et al., 2021). Subsequently, designing an efficient vaccine
supply chain in emergencies is very essential (Sorooshian et al., 2022).

The statistics during the last three years of Covid-19 in Iran show that similar to the most countries in
the world, Iran has faced numerous peaks of the Coronavirus infections, and so far, it has passed seven
crucial peaks. Some of these peaks have been sudden, and some have been smoothed but intense (Bozorgi
& Fahimnia, 2021; Sorooshian et al., 2022). As shown in the Figure 1, in the middle of 2021, the first
shipments of American and Russian vaccines arrived in Iran, which, of course, were used minimally only
by the medical staff and high-ranking government officials, regime leaders, and their families. This period
can be shown as the limitted vacination perion in the figure 1. Following this period, in coincidence with
the shipments of Chinese vaccines, several Iranian vaccines were licensed for injection. More precisely,
vaccination began in August 2021 (Public Vaccination Start Date in Figure 1), which revealed many
weaknesses and shortcomings in the supply chain planning (Taghipour, 2014). One of these was the lack
of proper response to the demand for vaccination (Castillo et al., 2021; Pujawan & Bah, 2022). This
putted much pressure on injection centers, distribution centers, and hospitals, and in addition a massive
amount of vaccine requests from the people of the community remained unmet (Klemes et al., 2021;
Sajid, 2021). Figure 1 in the green bar charts (left vertical axis) shows the number of new Covid-19 cases,
and the red line (right vertical axis) shows the number of requested vaccine units and specifies the peak
times for receiving the vaccine. As it can be seen, right after the peak announcement, the problems of
vaccine supply reached their peak (Abbasi et al., 2020; Asundi et al., 2021; Sharma & Pardeshi, 2021;
Loivet et al., 2022), which can explain a lack of a supply chain management approach to deal with the
issue (Sorooshian et al., 2022; Trump & Linkov, 2020).
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Figure 1: Corona statistics and vaccination in Iran (source: WHO).

According to Staquicini et al., (2021) and Yee et al., (2022), the vaccine supply chain management
approach can result in several decisions. Among these decisions, we can point out the number and
location of vaccine injection facilities, how to transport injected vaccine units, and determine each
facility's role and capacity in the supply chain network (Harland, 2021). The optimal amount of vaccine
kept in vaccination centers in each period can also be calculated by solving supply chain network models
(()skarsdéttir & Oddsson, 2019). In addition, the amount of vaccine moved between facilities and



transportation routes is also determined by solving the supply chain network model (Goel & Nelson,
2021). Therefore, achieving an optimal structure requires the correct design of the vaccine supply chain
network, which leads to its effective and efficient management, in line with meeting customers' demands
at minimum cost (DeRoo et al., 2020).

In most of the past researches, the main treated problems are related to transportation, packaging, and
location decisions. However, the mixed reliable optimization problem of proposing fixed and mobile
centers in a helath care supply chain has not studied sufficiently (minimizes the costs of the entire supply
chain, maximizes the reliability of selected routes, and minimizes unmet demand). In addition, this
problem is a real problem in some countries such as Iran or the countries with limited location or
impacted by different types of the risk, such as a global pandemic in addition to the natural disaster. The
main problem addressed in this research is the severe lack of structured treatment centers for vaccine
center in Iran (during the peak periods of COVID-19). Unlike some other countries that have utilized
hospitals or centers for vaccination, Iran faced with a scarcity of these treatment spaces. This led to
patient overcrowding and concerns about the potential for further outbreaks. To overcome this issue, the
government implemented a solution by establishing fixed and mobile vaccine centers outside of hospital
settings. Mobile vaccine buses, portable equipment, and various public spaces were repurposed as
vaccination sites. Therefore, this research aims to address the challenge of selecting optimal locations and
estimating the associated costs through an optimization model, providing a comprehensive approach to
tackle this issue. So, form the methodological point of view, in addition to a simple local decision, this
research focuses on that choosing of the best location and estimating its costs using optimization models.
To do that, a robust vaccine supply network is designed and we showed that the robust probability model
is much more stable than the fuzzy probability model and is more robust than the changes in uncertain
parameters.

According to the national laws of Iran, the activity of companies or organizations in the country is
prohibited, and the only approved and authorized organization in the field of vaccine supply and
distribution in the country is the Ministry of Health (Taghipour et al., 2022a ). Therefore, designing an
efficient and effective vaccine supply chain network that can meet the demand of applicants in crisis
conditions is very important (Klemes et al., 2021). Due to the drastic increase in the influx of people to
vaccine injection sites and responding to such high demand, it is necessary to provide an adequate vaccine
supply chain network (Castillo et al., 2021). Accordingly, this research seeks to design a model to
minimize the costs and problems caused by this influx of people into the centers.

In the following sections, the literature of this field will be reviewed first. Although the literature on
the vaccine supply chain in the era of Corona is minimal, it helps to understand the problem and the
necessity of implementing this research. Then, in the next section, we deal with the mathematical
optimization model. Finally, by introducing the conditions of the capital of Iran and potential locations,
the input data is determined, and the model is implemented to achieve the results.

2. Literature Review

Designing an efficient vaccine supply chain requires many strategic and operational decisions, such as
the location of vaccine distribution facilities, vaccine centers, and transfer to required centers (Sajid,
2021). Because the amount of vaccine demand increases after the start of a rapid peak or precisely after
announcing the appearance of a new peak in the news, the design of an efficient vaccine supply chain
falls within the scope of dynamic network design (Staquicini et al., 2021). This is because different
periods and levels should be considered in the presented mathematical model to develop a detailed plan to
meet the demand (Harland, 2021; Oskarsdéttir & Oddsson, 2019; Yee et al., 2022; Zoghlami et al., 2016).
In the field of vaccine supply chain, not much research has been done so far because this problem took a
severe and fundamental form after the emergence of Covid-19, and not many years have passed.
However, there have been researches in this regard, which we will delve into the most outstanding.



The necessity of proper planning for the distribution of the corona vaccine began before these vaccines
were presented and approved (Briissow, 2021; Rahi & Sharma, 2020). DeRoo et al. (2020) qualitatively
described the necessity of this planning and they suggested four practical approaches: First, the Covid-19
vaccine should be made available to the public quickly and fairly once efficacy and safety are proven.
Second, the plan for the mass vaccination program for Covid-19 should be cultured by different
information. Third, public health authorities should develop a robust education campaign to prevent the
spread of misinformation. Fourth, frontline healthcare staff should be given the necessary training. This
research was the commencement of the academic story of the vaccine supply chain for Covid-19.

Nevertheless, other articles about the vaccine supply chain were published before its approval and
production. In another paper in the same year, Lin et al. (2020) examined two different approaches to
vaccine supply chain to study transportation and inspection. They considered two types of cold and non-
cold chains and investigated two types of single-stage and two-stage inspection for it, and finally, they
checked the effectiveness of each of these approaches together.

Also, research on the supply chain was conducted in the stages of designing, testing, and obtaining
approval for vaccines (Singh et al., 2022; Sinha et al., 2023). For example, Alam et al. (2021) addressed
the challenges of the corona vaccine supply chain and examined the most critical production, behavioral,
shipping, and cold chain challenges. Severe challenges were identified in this area: lack of a proper
storage system, increase in purchase time, lack of proper planning and implementation, long distance
between vaccine stores and vaccination injection centers, and lack of accurate forecasting of demand.
Significant articles at this stage addressed the issue of challenges. For example, Dai and Song (2021)
selectively dealt with issues and challenges that management science and systems engineering experts
should resolve. They categorized the most important of these challenges into three groups: supply,
demand, and synchronizing the supply chain and the amount of demand (Taghipour and Frayret, 2011).

Other considerations were also made regarding vaccination. In this regard, KlemesS et al. (2021)
conducted a study on the environmental effects of vaccine design and production stages. In their research,
they drew a comprehensive and systemic diagram of the vaccination process from beginning to end. They
showed how much energy will be spent at each stage and how it affects the environment. The essential
point of their research was that they presented an optimized model for the supply chain and vaccination
process for possible future pandemics. It showed that using an optimized approach with systemic
intervention and planning not only energy consumption and greenhouse gases will decrease but also
reduce the wastage of vaccines and planning errors. Besides, Jiang et al. (2021) also investigated the
effects of mismanagement in the vaccination process, which provided qualitative results regarding the
possible consequences.

After the approval and introduction of vaccines into the use cycle, the type of research became more
practical and operational. In this regard, research has been conducted on the vaccine supply chain, which
is not directly related to the current research but examines aspects of the supply chain. The research of
Ibrahim et al. (2021) examines the considerations and assumptions of an efficient mathematical model,
how to accurately predict the demand, design the schedule and plan correctly, and implement the vaccine
supply and distribution chain with high accuracy. Of course, they did not directly design the mathematical
model but only designed the framework for creating an efficient mathematical model and presented the
assumptions of the future mathematical model, which is very important in the development of the model.
Antal et al. (2021) investigated another operational solution. They investigated the vaccine supply chain
issue by designing a blockchain platform that can facilitate logistics and distribution. Gradually,
mathematical optimization models and quantitative evaluation models were also included in the research.
Georgiadis and Georgiadis (2021) designed an optimization model for this problem in the form of
numerical linear programming modeling. The model covered from production to the use of vaccine
recipients, by considering a few assumptions such as distribution and storage, wastage of vaccines, the
number of vehicles and time, and they considered the cost in the certain conditions.



Also, many of the researches carried out regarding Iran, although they can be studied from various
aspects, seem to be doubtful in terms of facing reality and real world issues. For example, Gilani and
Sahebi (2022) considers the number of Sputnik injectable vaccines almost 45 times the statistics
announced by the Ministry of Health of Iran (Ministry of Health statistics: 949964 - statistics of Gilani
and Sahebi (2022): 42805417). Furthermore, this research has followed the chain from the producer to the
primary storage locations and has not included any fixed or mobile locations. In this regard, Valizadeh et
al. (2023) did not mention mobile and fixed centers, and these are the gaps in the current research.

Also, from the viewpoints of the problem, the novelty of this research lies in addressing the unique
challenges specific to the vaccine supply chain in Iran. The absence of predicted vaccination centers in
crisis led to the accumulation of patients in hospitals, creating concerns about further outbreaks. To
overcome this challenge, the government implemented a novel approach by establishing fixed and mobile
vaccine centers outside of hospital settings. Mobile vaccine buses, portable equipment, and various public
spaces such as mosques, shrines, barracks, schools, and large venues were repurposed as vaccination
sites. This innovative strategy, which has not been extensively explored in previous research conducted in
Iran and other countries, is a key aspect of this study. Furthermore, the research addresses the
optimization of location selection and cost estimation for these centers, providing a comprehensive
approach to tackle the identified problems.

Unlike previous studies that primarily focused on transportation and packaging issues, this research
identifies a fundamental problem related to the scarcity of structured treatment centers for vaccine
administration in Iran. A review of previous research shows that no significant experience in this field has
developed an operational mathematical model. The only case that exists is the research of Georgiadis and
Georgiadis (2021), which can be developed in several aspects. First, their research did not consider the
type of vaccines and the uncertainty of demand and route planning. The type of location selected for
mobile facilities needed to be developed in the mathematical model. In addition, the chain considered in
his research has a linear shape and only considers distributors and injection centers. Even though the
vaccine chain has a network and non-linear shape, many behavioral issues also affect it (Awad et al.,
2020; Dai & Song, 2021; Fisk, 2021; Weintraub et al., 2021; Taghipour et al., 2021; Cauchois et al.,
2021). Accordingly, the current research has designed a network model taking into account more
parameters and more actors, which will meet the demand of the recipients, including the type of vaccine,
the place of receipt, choosing the place of construction and establishment of units, and providing vaccines
in different reliability rate. The route has also been considered, which will be planned in more detail later.

3. Methodology

Designing a mathematical model requires a detailed understanding of the problem (Dehghan Nayeri et
al., 2020). In this regard, for a precise understanding of a problem, the stakeholders' problems must be
fully identified and modeled (Khazaei et al., 2021). The main problem in providing vaccine services is
that hospitals and medical centers are busy with the corona patients and often need to respond to the
enormous volume of vaccine applicants. For this reason, the Ministry of Health established fixed and
mobile vaccination centers to cover the excess demand in emergencies (Fahimnia et al., 2017; Lim et al.,
2022). Based on this, the models were designed to select the location, reduce costs, and reduce the
uncertainty of the route. Therefore, it was approved by a team from the Ministry of Health and logistics
experts. This team consisted of 4 specialists: an epidemiology researcher at the Ministry of Health, an
infectious disease medician, a logistics specialist, and a paramedical faculty professor.

Another contribution of this research is to design a supply network to answer the need of a robust
vaccine supply chain model in pandemics. According, this research proposes, a three-objective
mathematical model for designing the vaccine supply chain network. The first objective function will
minimize the costs of the entire supply chain, the second objective function will maximize the minimum
reliability of the selected routes, and the third objective function will minimize the unmet demand. The
vaccine supply chain network considered in this research will include several levels of vaccine chains:
regional vaccine banks, vaccine distributors, vaccine injection centers, and vaccine suppliers



(import/production). The mathematical model presented in this research will answer questions including
strategic decisions, operational decisions, and tactical decisions.
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Figure 2: Vaccine supply network from supplier to vaccine injection centers

In the designed network (Figure 2), first, vaccine recipients are assigned to fixed and mobile vaccine
injection centers (such as vaccination buses). The injected vaccine has been sent from distribution centers
or in some special conditions (for example, small cities or unique places) directly from regional vaccine
banks or suppliers (Taghipour et al., 2022b; Mbiatem et al., 2018). It should be noted that the capacity of
fixed and mobile vaccine storage centers is considered limited. In the above network, only the vaccine
banks can store vaccines in unlimited quantities for a long time during different periods because vaccine
storage requires special equipment. Vaccine banks supply vaccine demand to subordinate units, but
suppliers do primary supply and production. Also, to provide a practical model, two types of vehicles
with different capacities and costs have been considered for vaccine transfer. To solve the multi-objective
mathematical model, the following assumptions have been used in this research:

1. The maximum amount of vaccine injected by injection centers is limited.

2. Capacity of vehicles for distribution is limited.

3. The location of the regional vaccine banks is known.

4. The vaccine bank can store vaccines in large quantities, and as a result, it is unlimited.

5. Types of vehicles to move the vaccine with different capacities and costs have been assumed.

6. In crisis conditions, the demand is unlimited, so the capacity limit is equivalent to the demand.

7. Distribution vehicles and centers are limited in this model, and this limitation is mainly a technical
issue related to technology.



3.1. Models and materials

In order to formulate the desired mathematical model, the following symbols are used:

Index

i Vaccine requester index

Jj Index of potential places for the establishment of vaccine storage centers

k Index of vaccine injection centers

t Period index

v Vehicle Index

h Supplier index

g Vaccine type index

p The regional vaccine bank index

/ Vaccine distributor index

Parameters

Sphv Transportation costs from supplier % to vaccine bank p by vehicle v

Aplv Transportation costs from vaccine bank p to vaccine distribution center / by vehicle v

B kv Transportation costs from vaccine distributor / to vaccine center k by vehicle v

bt The capacity of the mobile vaccine injection facility j allocated in the period ¢

Cjt The capacity of the fixed vaccine injection facility j in the period ¢

(v The capacity of vehicle type v

¢ The coverage radius of the vaccine distribution center

Opgt The demand for vaccine bank p in period ¢ from vaccine group g

fi The fixed cost of establishing vaccine distribution facilities j

Ak The inventory cost of vaccine storage at the vaccination center k

Mig The maximum amount of vaccine injection by injectors i from vaccine group g

Oijit The operational cost of vaccine injection of groups i in the vaccine facility j in the period of t

Ty The distance of the injecting group i from the location of the vaccine facility j

U Fixed cost of vehicle type v

Tk The capacity of the vaccination center k

ol The capacity of the vaccine center [

Yjie The cost of moving mobile vaccination centers from location / to the place j In period ¢

Wpht Reliability of the route from supplier % to the vaccine bank p in period ¢

0 Minimum percentage of demand to be covered.

Decision variables

Skgt The amount of vaccine inventory in the vaccine center k in the period t of vaccine group g
The number of vehicles v to send vaccines from the vaccine bank p to vaccine distribution

Mpty center / in period ¢
The number of vehicles v to send vaccines from distribution center / to vaccination center k in

Bucto period t

Chptv The number of vehicles v to send vaccines to the vaccine bank p from the supplier % in period ¢
The amount of vaccine injected from the injection participants i in vaccine center j to in period

Qjgt t from vaccine group g

EAjiger Ampunt of vaccine sent to the injection center j from vaccine distribution center / in period ¢ by
vehicle type v of the group g

EBuiger Amount of Vgccine sent from the distribution center 1 to vaccine center k in period t by vehicle
v of the vaccine group g

ECuigut Amqunt of vaccine sent from the supplier h to vaccine bank k by vehicle v in period t of
vaccine group g

X;j Binary variable: equal to 1 if the fixed vaccine center j is established, otherwise 0
Binary variable: equal to 1 if the injection group i is assigned to the facility j in the period t,

Yije otherwise 0



Binary variable: equal to 1 if the mobile vaccine center k allocate to place j in period t
otherwise, 0

Binary variable: is equal to one if vaccine bank p receives shipment allocation from supplier h
in period t, otherwise 0

Zlkt

Wopht

The first objective function (1) is to minimize the total cost of the vaccine supply chain, which is
formulated as follows:

MinZ, =Zzzzuvxbm+zzzzuuxmpt,,+ Zzzzuvxchpw
+zzzwmlekﬁzzzzomle,gﬁzf,x,
+zzzzzawxm szzxkxw
¥ z Z Z Z Z Sy X ECikngus + Z Z Z Z Z Buew X EBuges (1)

The second objective function (2) deals with maximizing the minimum reliability of the selected
routes between the suppliers and the regional vaccine bank. Mainly, the biggest distance and the most
important possible problems are related to this part of transportation because the largest volume of
vaccines is moved in this part, and it is presented below:

Max Z, = Min {wpp|Wpne > 0} @)

The last objective function (3) in this research deals with the minimization of the unmet demand for
each type of requested vaccine in each vaccination center in each period.

MinZ3=ZZZ Zépgtxwpht_zzECkhgvt 3)
h g t p kv

From here on, we enter the constraints. Constraints (4) and (5) deal with establishing the correct flow
balance in each vaccine bank and determining the amount of vaccine stock at the end of each time period,
which are formulated as follows:

Skgt—1 + Z Z EBlkgtv — Skgt = Z Z Eckhgvt Vk,t (4)
Il v h v

Skgt < Skgt-1 + z z EBlkgtv vkt (5)
L v

Constraint (6) guarantees that only one fixed or mobile type of vaccine injection center can be built at
each potential point to build vaccine injection centers.

Xj + ZZlkt <1 Vk,t (6)
l

Constraint (7) specifies the movement routes of mobile vaccine injection centers in different periods.

Z Zige < Z Zikt—1 Vk,t )
7 7



Constraint (8) shows that vaccine recipients are allocated only to potential points where vaccine
injection centers are established and can inject vaccines.

Ve S%+ ) Zue Vit ()
l

Constraint (9) shows the limitation of the coverage radius of vaccine storage centers. In this way, each
injecting group can only be assigned to one of the vaccine distribution facilities located within the
coverage radius of this facility.

TjYije < ¢ Vi, j,t 9)

Constraint (10) guarantees that the vaccine is injected into a vaccine applicant when that vaccine
applicant is assigned to one of the fixed or mobile vaccine storage centers.
Qijgt < MigYije Vi, j,t (10)

Constraint (11) specifies the limit of the maximum vaccine that can be injected by the vaccine
recipients, which is presented as follows, usually up to the reminder or booster dose.

z Z Qijgt <My Vi, g (11)
7T

Constraint (12) shows the limitation of the acceptance capacity of fixed and mobile vaccine injection
centers.

2 Z Qijgr < &jtXj + ¥t Z Zikt vi,g (12)

g t l

Constraints (13) and (14) show the capacity limitations of vaccine injection centers and vaccine
distribution centers.

Z Skgt < Ty, Vk, t (13)

g
Z Z Z EAjlgtv < g Vk, t (14)
g Jj v

Constraints (15) to (18) specify the limits for determining the number of vehicles v required to transfer
the vaccine between facilities. On the other hand, the restrictions for establishing the correct flow between
the facilities are presented in the following.

z Z Edjigey = z Qijgt vj,t (15)
l v i

EA;
Nty = <M> Vil t,v (16)
Gy
z Z EAjigry, = z z EBikgty vit 17)
j v k v
EB
bikey 2 <—Zg z lkgw) Vi k,t,v (18)
v

Constraint (19) shows the constraint of satisfying the demand of the vaccine bank, which is the total
demand of the vaccine distribution centers.

> ECogue =0 Gpewpne  Vhog,t (19)
k v P



Constraint (20) shows that each vaccine distribution center is assigned to precisely one vaccine bank.
Z Wpne = 1 Vh,t (20)
h

Constraint (21) determines the number of vehicles needed to send the vaccine from each vaccine
distribution center to each of the vaccination centers.

EC
Chpty = <M> vk, h t,v 21)
Cv
Constraints (22) to (24) represent the decision variables and their possible values.
Qijgtv EAikgtvaCkhgtvv skgt =0 Vi'j' k' h' g,vt (22)
Nptws Diktvs Chpew = 0, Integer Vi, k,v,t (23)
X, Yijer Wpnt> Zike € {0,1} vij,t,p,h (24)

Considering that the second objective function is expressed as a mathematical symbol, it can be
rewritten as below to model the second objective function without changing its meaning and concept.

Min Z, = Min {wpne + (1 = Wppe)} pie (25)

Considering that the above expression is not linear. The second objective function is linearized.
Max Z, = alpha (26)
alpha < wppe + (1 — Wppe) (27)

In this research, two separate approaches have been used to solve the multi-objective problem, which
will be examined below.

The first approach (Epsilon constraint method (€)): Epsilon constraint is one of the most widely used
and standard methods for dealing with multi-objective problems. Pareto frontier can be created by the
epsilon method. Below we present the steps of the epsilon restriction method (Laumanns et al., 2006). In
the first step, one of the objective functions is set as the main objective of the problem based on the
decision maker's priority, and the remaining objectives appear as constraints in the problem. In the second
step, we solve the problem with each objective function and obtain the best and worst value of each
objective function. In the third step, we divide the distance between the values of the best and worst sub-
objective functions into the number of predetermined sub-intervals and obtain a table of values for &,..,n.
Through the fourth step, we solve the problem each time with the primary objective function with each of
the values for é&,...,». Finally, we report the Pareto solutions found. The decision maker determines the
number of ¢ steps in the interval of changes. After obtaining the mentioned interval, it should be broken
into the same number of subintervals. For more information, see Laumanns et al. (2006).

The second approach (Possibilistic optimization method): One of the most important and key issues in
the optimization and design of the supply chain network is the management and control of the parameters
of the mathematical model in reality; because sometimes these parameters are unpredictable. In order to
increase the efficiency of the presented mathematical model and to consider real-world conditions, some
parameters, such as the demand, are considered under uncertain conditions. The robust probabilistic
programming method has been used to model the uncertainty of the parameters in the objective function
and the constraints (Lodwick & Jamison, 2007). The robust possibility planning method provides risk-
averse solutions and tries to design a network by providing a robust solution that can design a robust
network in various scenarios (for example, a sudden increase in demand). In addition to the advantages of
the possible constraints planning method, the robust possibility planning model also pays attention to the
concepts of robust optimization, including the degree of stability in feasibility and optimality. In this part,
to reduce the modeling complexity, a simple model is considered to explain how to establish the



presented model. Uncertainty is considered in both the objective function and the constraints for the
parameters. On the other hand, the non-deterministic parameters of the problem have a trapezoidal
distribution.

4. Findings

In the results section, we introduce the situation of Tehran's regions, the potential points for
constructing and establishing vaccine injection centers, and their distances. Then we will check the data
related to the model and review the results of their solution. Some input data cannot be fully published
due to restrictions from the Ministry of Health. In addition, the amount of input and output data cannot be
fully presented due to the limitation of the research pages. The most critical parts of the data and results
have been presented in this regard. For each of the regions of Tehran, the maximum amount of vaccine
that can be injected from each type of requested vaccine, taking into account the 9 % non-acceptance rate,
is presented in Table 1.

Table 1: The maximum amount of vaccine that can be injected in each area of Tehran city of each type
of vaccine requested (per day)

Spikogen Sinopharm Fakhravac COVIran CovoVax AstraZeneca Pfizer Sputnik

V1 V2 V3 V4 V5 V6 \4 V8
D1 166 996 83 664 99 830 33 182
D2 399 2394 199 1596 239 1995 79 438
D3 198 1188 99 792 118 990 39 217
D4 543 3258 271 2172 325 2715 18 597
D5 500 3000 250 2000 300 2500 10 550
D6 145 870 72 580 87 725 29 159
D7 195 1170 97 780 117 975 39 214
D8 238 1428 119 952 142 1190 47 261
D9 100 600 50 400 60 500 20 110
D10 191 1146 95 764 114 955 38 210
D11 182 1092 91 728 109 910 36 200
D12 151 906 75 604 90 755 30 166
D13 174 1044 87 696 104 870 34 191
D14 305 1830 152 1220 183 1525 61 335
D15 402 2412 201 1608 241 2010 80 442
D16 181 1086 90 724 108 905 36 199
D17 156 936 78 624 93 780 31 171
D18 246 1476 123 984 147 1230 49 270
D19 154 924 77 616 92 770 30 169
D20 214 1284 107 856 128 1070 42 235
D21 102 612 51 408 61 510 20 112
D22 100 600 50 400 60 500 20 110

A graphic representation of the 22 districts of Tehran is presented in Figure 3. Also, potential locations
for building vaccine centers are presented in Figure 4 .
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Figure 4 : Potential points for building vaccine storage centers.

In this article, a point selected by the representative of the Tehran Corona headquarters for each of the
regions is considered as a potential point of building vaccine storage centers. The construction cost of



each center is estimated to be around 20000 dollars. Also, the operational cost of distributing each vaccine
unit is considered to be 4.329 dollars. Table 2 shows the distance between the municipal areas of Tehran.

Table 2: Distance between different areas of Tehran

DI D2 D3 D4 DS D6 D7 D8 D9 D10 D11 D12 D13 D14 D15 D16 D17 D18 D19 D20 D21 D22
DI O 11.1 51 83 146 87 9 94 184 16 158 139 12.1 153 20.1 184 192 225 222 24 21.1 242

D2 96 0 68 108 67 5 85 131 102 7.7 87 10.7 158 13.1 173 13.8 125 13.3 142 189 123 14.3

D3 54 81 0 52 139 46 36 66 142 103 96 82 79 9.1 129 133 13.1 19.1 16.6 183 18.6 21
D4 78 128 32 O 17 68 37 2 181 13 11.1 91 33 88 115 13.6 142 209 179 175 229 263

D5 159 6 139 168 0 9.1 132 191 7.1 99 11.1 147 198 179 199 16.6 125 103 145 212 75 8.7

D6 77 5 43 78 96 0 4 85 9 66 65 76 98 81 128 109 9 14 124 15.6 153 19.2
D7 85 9 41 52 14 4 0 5 124 83 69 53 63 47 114 93 10.7 159 13.1 146 174 223

D8 94 133 56 17 181 75 44 0 165 132 95 82 23 56 96 114 145 213 16.1 155 23 267

D9 174 92 142 176 84 97 127 165 0 55 6.1 99 19 144 158 96 58 39 86 162 59 124
D10 162 82 11.1 12 97 79 88 13 4 0 24 49 136 9.7 123 62 3 81 65 129 104 163

D11 145 82 96 111 116 6 6.1 102 7.1 1.7 0 31 121 64 92 46 46 93 6 112 125 189
D12 139 104 9 88 134 6.6 47 82 96 49 28 0 85 4 66 43 6.1 125 82 101 153 224
D13 116 148 79 53 203 98 63 18 18 133 108 9 0 54 9.8 12.7 149 219 168 149 23.7 27.8

D14 138 134 96 83 17.1 81 47 6.6 129 99 67 3 64 0 52 73 95 167 108 94 19 254

D15 19.1 17.8 139 125 204 123 109 103 158 113 89 74 93 46 0 49 103 17 10 5.1 21.6 27.1
D16 182 12.8 133 13.6 159 109 9.8 119 93 65 46 58 122 7.1 69 0 45 103 44 52 148 22.1

D17 17.7 105 13.6 149 123 95 107 145 53 33 38 74 149 11 113 48 0 64 32 105 113 18
D18 225 133 17.8 19.6 9.8 14 159 213 42 76 88 12 212 167 165 106 74 0 75 15 44 133

D19 224 152 17.1 16.6 152 13.7 134 171 83 65 8 85 162 121 92 41 47 75 0 75 12.1 20.1

D20 242 199 188 172 212 16.6 13.6 153 152 124 10.7 10.1 13.6 9.7 44 62 105 16 65 0 199 27.1

D21 224 12 17.6 222 85 146 179 21 54 99 125 153 235 188 209 158 103 54 126 194 0 76

D22 249 153 22 26 9.7 187 22 27 124 163 184 21.7 27.8 251 273 226 18 13.8 194 286 74 0

The capacity of fixed and mobile vaccine injection centers is assumed to be 950 and 450 units. The
coverage radius of these centers is 15km, and the distance between facilities is calculated from formula
(28).

r;; = Arccos(sin(Lat;) X sin(Lat;) + cos(Lat;) X cos(Long; — Long;) X 6371.1 (28)

Where 6371.1 is the earth's radius, and the facility's latitude and longitude is multiplied by 61.184. In
this research, two of the most important vaccination centers in Tehran, namely the S vaccine center and
the Tehran center, have been considered. In multi-objective optimization, it should be shown that the
objective functions conflict with each other, which means that a solution cannot be found in the solvable
space of the problem that optimizes all the objective functions simultaneously. In this case, unlike single-
objective optimization, where we seek to find a solution for the problem, we will look for sets of Pareto
solutions for the problem. Pareto answers provide different options for the decision maker, and for this
reason, they are of particular importance. Any solution for a mathematical model can be a Pareto solution
if a point cannot be found in the solution space smaller or equal to the other solutions in all the objective
functions so that it is strictly better than the other solutions in at least one of the objectives.

To solve the models, we applied a genetic algorithm with an initial population size of 1000 individuals
to tackle the model. The algorithm was configured to utilize the constraint dependent operator for both
mutation and crossover. For crossover, also, we employed a specific technique called single-point
crossover. This method involved selecting a random point along the chromosome of two parent
individuals and exchanging genetic material beyond that point. A crossover rate of 0.8 and a mutation
rate of 0.03 were selected to balance exploration and exploitation, facilitating the exchange of genetic
information while introducing occasional random changes. The termination criterion was set to observe a
lack of significant improvement in the best fitness value over 20 generations, indicating convergence.
These tailored settings were designed to meet the specific requirements of the vaccine supply chain
model, aiming to find an optimal solution within a reasonable computational time.



4.1. Epsilon constraint method

In this section, we will first implement the epsilon constraint method based on the steps mentioned in
the previous section for the deterministic model. This method aims to ensure that the objective functions
are opposite (the increase of one causes the decrease of the other). According to the epsilon method, the
best and worst values are extracted by solving the objective functions individually, according to Table 4.

Table 4: Individual optimization of objective functions

Objective Objective Objective
Function 1 Function 2 Function 3
Optimization of the first 55750, 735 0 958.795
objective function
Optimization of the 681291.356 0.867 958.795

second objective function

Optimization of the third — fa733 439 0 112.326
objective function

Table 4 shows that during the optimization of each objective function, the other function moves away
from its optimal point. This indicates that the three objective functions in this research are opposite. The
primary objective and sub-objective functions (epsilon constraints) should be determined in the next step.
In this research, the first objective function as the main and the other objective functions as sub-functions
are placed in the constraint. According to the expert team's decision, the number of steps considered in
this research is ten.

According to Table 5 and Figure 5, it can be seen that as the step increases, the value of the first
objective function decreases (it moves towards its optimal point), and the value of the objective function,
which is of the maximization type, moves away from its optimal. This trend indicates that the objective
functions are opposite to each other.

Table 5: Deterministic values of objective functions with epsilon constraint method

Step Objective Function 1  Objective Function 2 Objective Function 3

1 516738.493 0.823 114.289
2 471321.238 0.798 213.439
3 326540.841 0.687 301.548
4 273623.483 0.543 397.018
5 264382.137 0.411 490.647
6 259742.031 0.313 584.277
7 252801.305 0.230 677.906
8 245860.579 0.147 771.536
9 238919.853 0.063 865.165

231979.127 0.000 958.795
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Figure 5: Pareto frontier in deterministic state

4.2. Possibilistic optimization model

This section presents the possibilistic optimization model for different confidence levels (0.7, 0.8, and
0.9) to compare the results. The purpose is to identify the model's behavior concerning the changes in the
confidence level parameter and interpret this behavior change. It should be noted that the proposed three-
objective model of probabilistic planning has been solved using the epsilon constraint method.

Table 6: Values of the objective functions of the possibility model with the epsilon method

Possible planning

The first objective function The second objective The third objective function
function
Step a=0.7 a=0.8 a=0.9 a=07 a=08 a=09 a=07 a=08 a=09

1 473428.329  483278.239  502565.321 0.732 0.732 0.732 493239 481256  498.872

2 464392.293  463489.839  484493.344 0.681 0.681 0.681 512.394  589.481  620.431
3 453949.34 443701439  466421.367 0.63 0.63 0.63 639.438  697.706 741.99
4 411810.9983  423913.039  448349.39 0.579 0.579 0.579 694.556 805931  863.549
5 382071.5038 404124.639  430277.413 0.493 0.493 0.493 767.6555 914.156  985.108
6 371542.0093  384336.239  412205.436 0.359 0.359 0.359 840.755 1022.381 1106.667
7 351012.5148  364547.839  394133.459 0.331 0.331 0.331 013.845 1130.606 1228.226
8 320483.0203  344759.439  376061.482 0.202 0.202 0.202 986.954  1238.831 1349.785
9 309953.5258  324971.039  347989.505 0.97 0.97 0.97 1120.535 1347.056 1471.344
10 289424.0313 305182.639  319917.528 0 0 0 1233.153  1455.281 1592.903
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Figure 6: Pareto frontier for the possibilistic optimization model (objective functions 1 and 3).

The possibilistic model is optimized by considering a set of different confidence levels. The values of
the objective function of the possibilistic model under different confidence levels are shown in Figure 6.
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Figure 7: Value of the cost objective function under different confidence levels

According to Figure 7, as can be seen, the objective function of the problem has an increasing trend
concerning increasing the confidence level. It was predictable because, with the increase in confidence
level, the values of demand and cost parameters tend to be the maximum value. On the other hand, the
capacity parameter value tends to be the minimum value. In such a situation, the model tries to answer the
maximum demand with limited resources. Besides, increasing the cost parameter even under the same
conditions in terms of the number of allocated resources and the estimated demand will also be a factor in
increasing the cost function.

Based on the results, the objective function of the possibilistic optimization model reduces under the
confidence level of 0.9. It is less than the robust possibilistic planning model under the penalty of 6=25
(Table 7). Also, the objective function of the probabilistic planning model under the highest confidence
level is less than the value of the robust probabilistic planning model under the lowest penalty level.

Table 7: The value of the objective function for different amounts of penalties



The value of the cost Amount of

objective function penalty
388348 25
443373 50
428398 100
453448 150
478542 200

In order to implement the probabilistic model on data, it is first necessary to transform the
deterministic data into fuzzy numbers. In order to check the desirability and reliability of the results
obtained from the proposed robust probabilistic model compared to the probabilistic model, the results of
10 data series randomly generated for non-deterministic parameters have been analyzed. In order to
simulate the conditions, if we assume (29) as a non-deterministic parameter with a trellis probability
function, then for realism, a random number is generated uniformly between the upper and lower limits of
the function (30).

=P, r™r",ro) (29)
Treal = [P, 1°] (30)

Then, the optimal values of the decision variables resulting from the implementation of the
possibilistic and robust models are placed as parameters of the realistic model under each series of
random data in the linear analysis model. In the realistic model, a variable is defined for the limitations of
the possibilistic optimization model. The proposed robust model includes non-deterministic parameters
because it is possible to violate the limits by exceeding their limits due to the uncertainty of the
parameters.

Also, a penalty is considered for this variable in the objective function. In the presented realistic
model, the only decision variables are those related to the value of exceeding the limits, including the
non-deterministic parameter. In order to evaluate the performance of the model, the mean index and
standard deviation of the objective function values are used.

To check the performance of the robust possibility model compared to the possibility model, the
realistic model has been used as (31) to (35). In each scenario, a specific numerical value for each non-
deterministic parameter in the scenario range of that parameter has been randomly generated so that the
performance of the presented models can be measured in various scenarios and conditions.

Min Z = c"®%x + frealy + p R, + p,R, (31)
S.t: Ax+ R, > d"e¥ (32)
Hx > s™aly + R, (33)
Ri,R, =0 (34)

In a realistic model, R represents the violation of the limits, and p represents the value corresponding
to them. The steps to implement the realistic model are as follows: A) Generation of random numbers
between the allowed range for the possible parameters of the model, including demand, capacity, and
cost. In this research, ten random samples are considered. B) Solving the possibility model separately and
placing the optimal values of the variables as parameters of the realistic model. C) Considering the
penalty variable Ri for the constraints containing the possible parameter of demand and capacity, in
addition to considering the penalty parameter for the amount of deviation from the cost parameter. D)
Considering the values of Ri in the objective function (as a penalty) and solving the model. E) Perform



steps 2, 3, and 4 with the number of random samples. In this regard, Table 8 shows the value of the
objective function per 10 realistic values for the possibilistic and possibilistic model.

Table 8: Values of the objective function for different scenarios

Robust Possible model Realistic

Model Model
RPP 0/9 0/8 0/7

390235 391,239 387,439 373,445 1
390235 429,346 423,321 418,394 2
390235 411,543 398,457 389,247 3
390235 421,695 403,966 397,148 4
390235 431,847 409,475 405,049 5
395348 443,999 414,984 411,950 6
410348 467,023 434,021 428,903 7
401930 455,303 426,002 422,752 8
418049 461,455 431,511 426,653 9
421956 472,607 447,020 436,554 10

399880.6 438605.7 417619.6 411009.5 AVG

11903.4155 24873.6753 17224.7107 18769.8865 STD

According to Table 8 and Figure 8, it can be seen that the robust possibility method, in addition to
having a lower objective function value than the probability model, also has more robustness and fewer
changes. This stability also stems from the distinction between the robust method and the possibilistic
optimization model. As mentioned before, the robust possibility method considers robustness optimally
(cost of the objective function and values on the right side), while the possibilistic model (values on the
right side) only considers robustness in possibility.

Therefore, because both the uncertainty in the coefficients of the objective function and the uncertainty
in the values on the right side have been considered, we expect that in the comparison model with
changes in the cost parameter, the diagram of the possibility model will also undergo changes and
dispersion. This is because, in the possibility model, the cost parameter changes and uncertainty are not
considered. However, considering the parameters of cost, demand, and capacity, the robust model will
protect itself against their changes and subsequently will have more robustness.
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Figure 8: The change process of the possibilistic and robust model based on the realistic function

When the uncertainties of the model are examined, this does not improve the optimal solution. We
expect that the optimal solution will not improve with the increase in the number of uncertainty
parameters in the model. This condition is also proper in comparing deterministic, possibilistic, and
robust possibilistic models. That is, by increasing the uncertainty parameters in the model, we expect the
optimal solution of the probabilistic model to be no better than the deterministic model and the optimal
solution of the robust probabilistic model to be no better than the probabilistic model. This is also true in
this research, but the reason for the lower values of the objective function of the robust model compared
to the model in Figure 9 is the presence of the penalty function in the objective function.

In the comparative model, to check the robustness of the possibilistic optimization model to the
changes of the uncertainty parameters, a penalty function has been used in the objective function, which
shows the deviation of the parameters from the nominal values included in the respective models. Since
the possibility model is neutral to the changes in the cost parameter, it incurs penalties that will lead to the
deterioration of the objective function of the comparative model.
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Figure 9: Checking the performance of the possibilistic and robust model based on the mean and
standard deviation

Value of Objective Function

In Fig 9. It can be seen that the robust possibility method has a far better performance compared to the
probability model in both average and standard deviation indicators. According to the results, it can be
seen that the robust possibility model works much more stable and more robust than the possibility model
(fuzzy) concerning changes in non-deterministic parameters. This is due to consider the degree of
robustness in optimality and feasibility. Therefore, the solution provided by the robust model remains
feasible and close to optimal in all scenarios. However, the impossibility of the answers obtained from the
possible model leads to an increase in the objective function of these models in the realistic model. The
results show that the robust possibility model can not only provide the most robust solution for the
problem in the state of uncertainty but also provides solutions that have a minor deviation from the
optimal level and are always feasible.

4.3. Sensitivity analysis

In order to apply changes in demand, the confidence level parameter has been used, with values of 0.5,
0.6, 0.7, 0.8, and 0.9, respectively. As it is known, with the increase in confidence, the amount of demand
increases, and subsequently, with the increase of demand, the mathematical model has the problem of
meeting the demand with its available resources. According to the forecast, considering the limitation of
the number of resources and the necessity of a balance between the total cost and the fulfillment of the
demand, it can be seen that with the increase in the level of confidence and the subsequent increase in
demand, to meet the demand, it will be necessary to distribute more vaccines. Therefore, several fixed and
mobile vaccine injection centers will be needed to provide vaccine services and more vehicles to transport
vaccine products. Therefore, we allowed more than one mobile injection unit deployed in one area.

The results of solving the model according to Table 9 show that the analysis mentioned earlier is
correct in its solution. It shows that by increasing the confidence level from 0.5 to 0.9, the number of
fixed and variable centers and vehicles increased. In addition, with the increase in the number of vaccine
injection centers and the number of vehicles, the costs related to the construction of fixed and variable
injection centers and the costs related to vehicles will increase, increasing the cost objective function. In
the end, the amount of unmet demand will have a growing trend due to the increase in the volume of
demand and the limitation of resources, so the amount has increased.

Table 9: Sensitivity analysis and the variations in percentages with respect to the base value.



Confidence Number of = The number of Number of Obj1 Obj3

Level fixed centers mobile centers vehicles
0.5 11 11 35 398751.6 253
0.6 12 (+9%) 10 (-9%) 36 (+2.85%)  404528.2 (+1%) 267 (+5.58%)
0.7 14 (+27%) 11 (+0) 36 (+2.8%)  410304.8 (+2.9%) 274 (+8.3%)
0.8 15 (+36%) 13 (+18%) 38 (+8%) 416081.5 (+4.3%) 290 (+14.6%)
0.9 16 (+45%) 13 (+18%) 40 (+14%)  421858.1 (+5.79%) 307 (+21.3%)

According to the obtained results, fixed vaccine injection centers should be built in the specified areas,
and in the case of a 0.5 confidence level, the result is that we have one fixed or mobile unit in each area.
Meanwhile, with the increase in confidence level, the balance between the number of regions and centers
is disrupted. We are forced to use more mobile centers, assuming that the number of fixed centers in each
region can only be one. The results show that vaccine distribution centers have been built in densely
populated city areas to distribute the most injected vaccines and cover the most significant number of
injecting groups. It is also clear that vaccine distribution centers are built in such a way that there is a
proper balance between transportation costs and reliability and minimizing shortages.

5. Discussion and Conclusion

The current research attempts to model and implement the vaccine supply chain under conditions of
uncertainty, which was carried out in the capital of Iran, Tehran. At the beginning of the problem, we
considered the situation and conditions of the Covid-19 crisis. In summary, this research offers a novel
perspective on the vaccine supply chain in Iran by addressing the unique challenges specific to the
country. While previous studies primarily focused on transportation and packaging, this research
highlights a fundamental issue related to the scarcity of structured treatment centers for vaccine
administration. The absence of such centers resulted in patient overcrowding in hospitals, raising
concerns about further outbreaks. To overcome this obstacle, the government introduced an innovative
approach by establishing fixed and mobile vaccine centers in non-hospital settings. Utilizing mobile
vaccine buses, portable equipment, and repurposing public spaces like mosques, shrines, barracks,
schools, and large venues, the study demonstrates a strategy that has been seldom explored in prior
research conducted in Iran and other countries. Additionally, the research addresses the optimization of
location selection and cost estimation for these centers, providing a comprehensive solution to the
identified problems. The incorporation of visual evidence, including attached photos of the mobile and
fixed units, further enhances the novelty and practicality of the research findings, underscoring their real-
world applicability and significance.

According to the mentioned problem, using the models in the literature and experts' opinions, we
developed and confirmed the mathematical models. Then we collected the required data for the model and
solved the problem with the genetic algorithm. What is significant about this model is that the developed
model has three main goals. The first goal is to reduce the cost of vaccine storage, transportation, and the
cost of setting up the vaccine injection facility to the lowest possible level. The next goal of the model is
to maximize the minimum reliability of the selected paths between the suppliers and the vaccine bank.
Finally, the third goal seeks to minimize the unmet demand in different centers. The problem includes
several assumptions and considers different layers in the vaccine supply chain, which include: suppliers
of 8 widely used vaccines in Iran, vaccine storage banks, vaccine distribution centers, vaccine injection
centers, and also vehicles for sending vaccines.

The results showed that some areas of Tehran were selected for constructing fixed injection centers,
and others were considered for mobile equipment. In the sensitivity analysis, as the model's reliability
increased, the number of centers and their concentration in the areas increased to cover the demand. Some
areas were equipped with more than one mobile injection center (E1 to E6) in 0.9 confidence level
(Figure 10).
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Figure 10. Locations of fixed and mobile equipments in 0.9 confidence level.

It was also found that providing sufficient equipment for vaccine storage and maintenance is very

important because, in the first period, both centers stored a significant amount of vaccine to avoid a
shortage. In line with the results of this research, we found that the decision of the Ministry of Health to
provide fixed and variable vaccination centers has led to a significant reduction in costs and also an
increase in public trust to use these facilities. Many fixed centers were set up in open or closed spaces
such as school yards or public parking lots, which gave clients more confidence. In general, the
managerial insights obtained in this research can be stated as follows:

@)

Vaccine injection centers have been built in densely populated areas of the city to provide the most
injected vaccine and cover the largest injecting group.

It is essential to provide enough equipment for vaccine storage and maintenance in vaccination centers
because in the first period after peak announcement, centers may face an influx of people.

The robust probabilistic model not only formulates the uncertainties in the presented model but also
provides the most robust solution for the problem, which can respond to changes in uncertain
parameters.

In general, the value of the objective function of the robust model is lower than the possibilistic
optimization models, which indicates the feasibility of the solution provided by the robust model in all
scenarios.

In line with previous researches, the results of this research can help middle and operational managers

more operationally than Gilani and Sahebi (2022) and Valizadeh et al. (2023). While both research
studies aim to optimize the vaccine supply chain and address challenges specific to Covid-19, the current
research focuses on the allocation of resources, more operationally and consider a wider perspective of
vaccine supply chain.



Despite its contributions, this research had certain limitations that should be acknowledged. One major
limitation encountered during the study was the difficulty in collecting data and accessing the databases
of the Ministry of Health of Iran. The data related to the vaccine supply chain were considered relatively
confidential, and access to certain parts of the data required extensive consultations. This limitation
affected the comprehensiveness and accuracy of the data used in the research, potentially impacting the
model's effectiveness. To overcome this limitation and improve future research, it is recommended to
establish closer collaborations with relevant stakeholders, including the Ministry of Health, to facilitate
data collection and access. Establishing protocols for data sharing and ensuring data privacy and
confidentiality can enhance the availability of accurate and comprehensive data, enabling researchers to
develop more robust and reliable models.

Additionally, by incorporating factors such as population behavior and attitudes towards vaccination
services, researchers can gain a better understanding of how demand is distributed and anticipate potential
fluctuations and patterns. This knowledge can inform the development of more effective and responsive
supply chain models, enabling the efficient allocation of resources and reducing uncertainty in vaccine
distribution. Furthermore, simulation studies that incorporate human behavior in the context of vaccine
services should be conducted. Understanding how individuals respond and make decisions regarding
vaccine uptake and utilization can provide valuable insights into the design and implementation of supply
chain models. By integrating behavioral aspects into the research, future studies can offer more
comprehensive and realistic models that reflect the complexities of human decision-making.
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