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a b s t r a c t

Motivated by the COVID-19 (C-19) pandemic and the challenges it poses to global health and the medi-
cal communities, this research aims to investigate the factors affecting of reduction health inequalities
related to the C-19 to tackle the increasing number of outbreaks and their social consequences in
such a pandemic. Hence, we design a COVID-19 testing kit supply network (C-19TKSN) to allocate
various C-19 test kits to the suspected C-19 cases depending on the time between the emergence of
their first symptoms and the time they are tested. In particular, this model aims to minimize the total
network cost and decrease false results C-19 test by considering the fundamental characteristics of a
diagnostic C-19 test (i.e., specificity and sensitivity). In the sensitivity characteristic, a gamma formula
is presented to estimate the error rate of false-negative results. The nature of the C-19TKSN problem
is dynamic over time due to difficult predictions and changes in the number of C-19 patients. For this
reason, we consider the potential demands relating to different regions of the suspected C-19 cases
for various C-19 test kits and the rate of prevalence of C-19 as stochastic parameters. Accordingly,
a multi-stage stochastic programming (MSSP) method with a combined scenario tree is proposed to
deal with the stochastic data in a dynamic environment. Then, a fuzzy approach is employed based
on Me measure to cope with the epistemic uncertainty of input data. Eventually, the practicality and
capability of the proposed model are shown in a real-life case in Iran. The results demonstrate that
the performance of the MSSP model is significantly better in comparison with the two-stage stochastic
programming (TSSP) model regarding the false results and the total cost of the network.

© 2021 Elsevier B.V. All rights reserved.
1. Introduction

1.1. Background and motivational real-case

The latest concern on global health is the ongoing coron-
virus outbreak of the infectious disease recently called C-19
isease [1]. The coronavirus has a similar structure to the virus
hat causes Severe Acute Respiratory Syndrome (SARS) [2]. Like
he previous two cases of coronavirus outbreaks in the last two
ecades (i.e., SARS (2002 and 2003) and Middle East Respiratory
yndrome (MERS) (2012 to present)), the outbreak of C-19 has
aised crucial challenges to global health and the medical commu-
ities [3]. The lack of production kits for C-19 suspected cases and
ach kit’s error are significant challenges that can cause incorrect
iagnosis of infected and disinfected cases. Therefore, due to the
ncreasing number of outbreaks and their social consequences, an
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appropriate solution should be prepared to mitigate the effects of
such outbreaks.

According to the World Health Organization (WHO) report, C-
19 tests are essential to control the outbreak and its diagnostic
criteria [4]. Diagnostic tests and antibody tests are two test
methods to identify C-19. Diagnostic tests are divided into two
methods: (I) molecular tests (such as the reverse transcription-
polymerase chain reaction (RT-PCR) test) and (II) antigen tests.
Detection tests for C-19 disease need different processes and
equipment and differ in cost and efficiency. The required kits
for molecular tests, diagnostic tests, and antibody tests are poly-
merase chain reaction (PCR), rapid diagnostic test (RDT), and
enzyme-linked immunosorbent assay (ELISA), respectively. Gen-
erally, the accuracy of PCR kits is significantly greater than the
RDT and ELISA tests. However, implementing PCR laboratory
testing is more expensive than RDT and ELISA tests. Moreover, the
production of PCR kits is limited. However, ELISA kits are more
accessible as they have a rapid and easy production process.

Despite the roles of diagnostic tests in controlling C-19 out-
break, the fundamental characteristics of diagnostic tests for C-19
disease (i.e., sensitivity, specificity, and corresponding likelihood
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ratios) are mostly unclear [5]. No viral test is 100% reliable as
diagnostic specificity and sensitivity pose the risks of false neg-
atives and false positives, respectively. Diagnostic specificity is a
test’s ability to accurately exclude patients who do not have a
specific symptom or disease. Diagnostic sensitivity is a test’s abil-
ity to better recognize patients with a given illness or disorder [6].
As healthcare systems worldwide are struggling to deal with C-
19 disease, concerns have been raised about the constant spread
of the disease by people who are infected without symptoms
[7,8]. To recognize and solve this problem, some efforts have
been undertaken to develop and implement testing protocols and
increasing C-19 testing [8]. In this paper, both diagnostic speci-
ficity and sensitivity C-19 testing are considered for decreasing
the false results.

The uncertain nature of C-19, the severe scarcity of resources
or testing and treatment, the safety of responders and health
are professionals from infection, growing financial loss of C-
9 disease to the healthcare system are the most critical factors
hich highlight the importance of investigation of supply chain
roblems related to the C-19 tests [9]. To this end, in this paper,
e propose a multi-product C-19TKSN that consists of the regions
f suspected C-19 cases, kit manufacturers, fixed testing labs
FTLs), mobile testing labs (MTLs), and specialized hospitals. The
-19TKSN investigates three types of test kits for the regions of
he suspected C-19 cases considering the test centers’ capacity
nd production capacity.
Additionally, the nature of the C-19TKSN problem is dynamic

ver time due to difficult predictions and changes in the number
f C-19 patients. The potential demands relating to different
egions of the suspected C-19 cases for various C-19 test kits are
tochastic. Besides, the rate of prevalence of C-19 is uncertain
nd quite challenging to be predicted. Accordingly, in this paper,
MSSP method with a combined scenario tree (ST) is proposed

o deal with stochastic data in a dynamic environment. Laporte
t al. [10] verified that when the uncertainty related to stochastic
arameters (SPs) has been progressively realized in each period,
he proposed MSSP method is a useful optimization tool.

Furthermore, some of the parameters in this network (e.g., the
apacity data for testing centers, opening costs of MTLs, opera-
ion costs, transportation costs) are tainted with uncertainty in
eal-life scenarios due to the dynamic nature of the problem
i.e., possible long-term parameter value fluctuations), which is
erified by Mousazadeh et al. [11]. The robustness of the final
olution is of significant importance in such a scenario, as it deals
ith decisions on location–allocation and capacity, which cannot
e readily altered in a long-term horizon [12]. Therefore, in this
tudy, a consolidated solution based on a recently developed
uzzy measure is also applied to protect the network against
pistemic uncertainty (EU).

.2. Research questions

To reduce referrals and reduce congestion in test centers,
hich can lead to a high prevalence of the C-19 disease, MTLs
re provided in some areas to improve access for people and
educe the movement and transportation of people among areas
nd reduce the prevalence of the C-19 disease. According to the
ssues mentioned above, this study aims to answer the following
ain questions:

• What policies should be applied for designing a C-19TKSN?
What are the optimal number and location of MTLs for the
suspected C-19 cases?

• What strategies must be adopted to reduce the risk of false
coronavirus test results and the number of incorrect diag-
noses under different C-19 testing methods?
2

• How to cope with uncertainties and mitigate their effects on
cost and capacity?

• How should kits be allocated from production companies to
testing centers?

In this paper, we design a C-19TKCN to deal with uncertain
prognoses, severe scarcity of resources for testing and treatment,
and economic and financial losses faced by the healthcare sys-
tem. This study also aims to reduce false results of C-19 kits by
considering proper planning, which incorporates the fundamental
characteristics of diagnostic C-19 tests (i.e., specificity and sensi-
tivity). In the sensitivity characteristic, a formula is presented to
estimate the error rate of false-negative results, and in the speci-
ficity characteristic, we consider the error of the kits as the error
rate of false-positive results. Moreover, this study aims to min-
imize the total network cost and decrease false results through
specificity and sensitivity characteristics. Our findings provide
meaningful guidance for governments on whether and how to
design C-19TKSN during a situation like the C-19 epidemic.

The structure of the paper is as follows. A review of the re-
lated literature is provided in Section 2. The problem description
and the mathematical formulation are presented in Section 3. In
Section 4, solution methodology is presented, including a sce-
nario tree construction procedure, a fuzzy approach based on
Memeasure, and a method to solve the multi-objective problem.
The case study, computational results, sensitivity analyses, and
key findings are provided in Section 5. Finally, the conclusion is
presented in Section 6.

2. Literature review

As discussed in the previous section, distributing different C-
19 test kits to testing centers, properly allocating kits to reduce
disease transmission risk considering limited resources, and cor-
rect diagnosis are crucial during the C-19 outbreak. However, in
the existing literature, the supply chain network design of C-19
testing kits has paid less attention. This paper focuses on the
issues of supply chain network design for C-19 testing kits. To
highlight the novelty of this study relative to the prior literature,
in this section, two relevant research streams to this study are
reviewed: (1) Application of operations research in C-19 out-
break and (2) Application of operations research in health service
network design. Finally, research gaps are recognized, and the
contributions of this study are discussed.

2.1. Applications of operations research in C-19 outbreak

Some studies have investigated the applications of operational
research methods in the C-19 epidemic. For instance, Govindan
et al. [13] developed a decision support system to handle demand
and alleviate the impact of the C-19 pandemic in the healthcare
system. Ivanov [7] proposed a simulation-based method to moni-
tor and predict the possible impacts of the latest pandemic on the
supply chain risk of infectious outbreaks. In another study, Ivanov
et al. [14] developed interconnected supply networks and dura-
bility to ensure survival in the C-19 outbreak using dynamic game
theory. Yu et al. [15] proposed a multi-period multi-objective
reverse logistics model for managing the medical waste produced
during the C-19 outbreak considering the location of tempo-
rary facilities and transportation policy to handle the medicinal
waste. In another research, Ivanov et al. [16] studied the viability
of resiliency, agile, and sustainable operations in supply chains
to investigate the long-term effects of the C-19 disease. Choi
et al. [17] investigated the impact of the C-19 epidemic on the
customers’ and service providers’ behaviors in the Hong Kong
service operating system. Kargar et al. [18] proposed a multi-
objective reverse logistics model for infectious medical waste
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decisions considering a reliable network using a revised multi-
choice goal programming method. Paul et al. [19] developed a
recovery model for high-demand and essential items during the
C-19 outbreak. Karmaker et al. [20] investigated the drivers of
the sustainable supply chain to tackle supply chain disruptions
in the C-19 outbreak using a methodology based on the fuzzy
theory, total interpretive structural modeling, and Matriced Im-
pacts Cruoses Multiplication Applique a un Casement techniques.
Li et al. [21] proposed simulating simple interaction rules of
firms inside the supply chain network to examine the disruption
propagation.

A review of the literature on the application of operations
esearch in the outbreak of C-19 disease, a substantial propor-
ion of the papers has worked on operations research technics
o examine economic and social conditions created by the out-
reak of C-19 disease. Operations research techniques can design
n efficient treatment network. Additionally, the nature of the
-19TKSN problem is dynamic over time due to difficult predic-
ions and changes in the number of C-19 patients. In order to
eal with uncertain situations during outbreaks, decision-makers
DMs) must implement robust and reliable strategies. However,
o paper has covered the issue of allocating the C-19 kit test
ncertainty by incorporating the fundamental characteristics of
-19 tests (i.e., specificity and sensitivity) to reduce diagnosis
isks. To filling the gap, this study is seeking to apply operations
esearch techniques in the design of C-19TKSN.

.2. Applications of operations research in the health service network
esign

Several types of research have explored network design for
ealth systems using different operational research methods.
ousazadeh et al. [11] investigated a network design prob-

em for hierarchical three-level health service systems propos-
ng a mixed-integer and a mixed possibilistic robust program-
ing approaches. In another study, Mousazadeh et al. [22] pro-
osed a multi-period three-level health service network, mixed
ossibilistic-flexible, and augmented ε-constraint approaches to
stablish a viable, stable, and efficient network for a real-world
ase. Lucchese et al. [23] developed a location-routing model con-
idering a facility location experimental algorithm, recognition
f hub, and location in the healthcare supply chain to minimize
arehousing and transportation costs. Beheshtifar and AliMoah-
madi [24] proposed a multi-objective model considering a
eographical information system and a multi-objective genetic al-
orithm to investigate social commitments, costs associated with
and acquisition, and incompatibility with land use concerning
he establishment of new health facilities in the supply chain
etwork. Shishebori et al. [25] developed a robust optimization
ethod to design a reliable medical service network considering

imited budget, system disruptions, and uncertain parameters.
arrinpoor et al. [26] developed a scenario-based stochastic pro-
ramming method to develop a two-level reliable hierarchical
ocation–allocation model with service referral. Mohamadi and
aghoubi. [27] developed a bi-objective stochastic optimization
odel for determining the location of transfer points and medical
upply distribution centers in a triage system network in an urban
istrict in Iran using an ε-constraint method.
In this respect, according to the issues mentioned above, many

studies have examined health network design from various as-
pects. However, no paper has been done for solving the severe
scarcity of resources for testing and treatment of C-19 disease.
Although Wikramaratna et al. [28] use statistical methods that
have estimated the number of negative results of the C-19 test
in healthcare, no research focuses on reducing false and positive
results using operations research tools. Thus, this paper develops
a mathematical model of investigating supply chain problems
related to the C-19 tests.
3

2.3. Contribution statements and research gaps

Due to uncertainties surrounding the extent of the outbreak
and the fact that C-19 is a new disease, full information about this
disease is not yet available. Additionally, strategies for responding
to outbreaks will be influenced by fluctuations in uncertain pa-
rameters. Hence, according to what had been studied, DMs should
utilize robust and reliable strategies.

When the DM is faced with dynamic structure decisions, time
and uncertainty are major factors, it should be able to adopt
decision policies that can respond to changes as they unfold.
Typically, these decisions correspond with when the DM has
access to new information, adjustments, or recourses. The MSSP
approach includes models that determine the effects of realized
outcomes that were not known prior [29]. The MSSPs are utilized
for the supply chain network design in a limited number of papers
(please see, e.g., Birge and Louveaux [30], Fattahi et al. [31], Zahiri
et al. [32]). In spite of the TSSP approach adopted solely in a single
period environment, the MSSP approach was introduced to han-
dle stochastic data during a dynamic (multi-period) environment.
The objective of MSSP is to reduce total imposed risk through
a scenario tree with its presentation of data uncertainty and its
potential impact on the decision sequence [29].

This paper explores the issues raised during the C-19 outbreak
considering a real case of Iran to deal with risks, such as errors
in the testing result (i.e., false results). To this end, this paper
develops a novel integrated C-19TKSN with a multi-stage plan-
ning horizon under uncertain demand. According to the literature
review on application of operations research in C-19 outbreak
and health service network design, the research gap and main
contribution of this work are explained as follow:

First, those articles that have considered the application of
operations research in the outbreak of C-19 disease, have mostly
examined the economic and social consequences created by the
outbreak of C-19 disease while no paper has been done for
solving the severe scarcity of resources for testing and treatment
of C-19 disease. Therefore, the present work proposes an inte-
grated three-echelon multi-period C-19TKSN to production and
allocating C-19 test kits to all facilities.

Second, as mentioned, the nature of the C-19TKSN problem is
dynamic over time due to difficult predictions and changes in the
number of C-19 patients. Therefore, robust and reliable strategies
must be implemented to deal with uncertain situations during
outbreaks. The proposed MSSP method is a useful optimization
tool for uncertainty related to SPs. Hence, we are used MSSP
and scenario generation methods via a Monte Carlo simulation
approach and a forward scenario reduction technique to convert
the scenario fan into a scenario tree.

Third, the present work presents an extended fuzzy method
based on the Me measure that is more flexible and appropriate
for making decisions in a fuzzy environment, which is used in
order to protect the considered system from uncertainty.

Fourth, as healthcare systems worldwide are struggling to deal
with C-19 disease, concerns have been raised about the con-
stant spread of the disease by people who are infected without
symptoms. Hence, to solve this problem, we have determined
the optimal strategy to select the appropriate kits based on the
time of symptoms of people onset incorporating the fundamental
characteristics of C-19 tests (i.e., specificity and sensitivity) to
reduce diagnosis risks.

The major contributions of this paper can be summarized as
follows:

• Designing an integrated three-echelon multi-period supply
chain network for C-19 testing;

• Incorporating the fundamental characteristics of C-19 tests
(i.e., specificity and sensitivity) to reduce diagnosis risks;
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• Determining the optimal strategy to select the appropriate
kits based on the time of symptoms of people onset;

• Using MSSP and scenario generation methods via a Monte
Carlo simulation approach and a forward scenario reduction
technique to convert the scenario fan into a scenario tree;

• Employing a fuzzy approach based on Me measure to cope
with epistemic uncertainty of input data;

• Using a real case study of Tehran city in Iran to demonstrate
the suggested model and solution’s applicability.

3. Problem definition and mathematical formulation

In this paper, the considered C-19TKSN consists of suspected
C-19 cases, kit manufacturers’ centers, FTLs, MTLs, and specialized
hospitals. As mentioned earlier, three methods are available for
testing C-19, which vary in cost and efficiency. Due to the high
price of PCR testing equipment, the PCR test’s required equipment
is only provided in specialized hospitals. For this reason, PCR kits
that are performed in MTLs and FTLs should be sent to specialized
hospitals. As shown in Fig. 1, in this network, C-19 testing kits
flow from kit manufacturers to the testing centers (MTLs, FTLs,
and specialized hospitals) for testing suspected C-19 cases. In
this paper, a location–allocation problem, including integrated
strategic and tactical planning for C-19TKSN, is investigated over
a planning horizon to locate MTLs for covering more patients and
allocate kits and patients to MTLs and specialized hospitals. The
capacity of MTLs is less than FTLs; the main difference between
MTLs and FTLs is that the location of MTLs could be changed over
the planning horizon with extra costs.

In this model, the kits are allocated to the suspected C-19
cases based on the time between the emergence of their first
symptoms and the time they are tested so that the test would
be with the best result and the lowest cost. We aim to minimize
the number of false test results by observing the fundamental
characteristics of a diagnostic C-19 test (i.e., specificity and sen-
sitivity). The model also minimizes the total cost, which consists
of the transportation cost of MTLs, transportation cost of kits, kits
production cost, purchasing cost of MTLs, and operation cost.

We take: (a) planning decisions as to where locate MTLs
and calculate the optimal number of MTLs and (b) operational
decisions as allocating the suspected C-19 cases to the MTLs, FTLs,
and hospitals, determining the number of kits required in each
facility and allocating the kits to suspected C-19 cases based on
minimizing the risk of allocating kits from kit manufacturers to
MTLs, FTLs, and hospitals. In this study, the following assumptions
are considered to model the investigated C-19TSCN.

• The C-19TSCN consists of suspected C-19 cases, kit manu-
facturers, FTLs, MTLs, and specialized hospitals;

• In this study, multiple sources for kit manufacturing are
considered;

• As the location of C-19 testing hospitals and FTLs are given,
only the locations of MTLs are calculated in this model;

• It is considered that the MTLs send the tested PCR kits to the
hospital at the end of the period;

• The production capacity of kits is limited;
• The considered C-19TKSN is a multi-product and multi-

period problem;
• The potential demands of suspected C-19 cases’ regions and

the rate of prevalence of C-19 are stochastic.

3.1. Estimation of the amount of false-negative error

Health care systems around the world are concerned about
an outbreak of C-19 among individuals who have not yet shown

symptoms. Globally, the majority of effort has been directed at

4

reducing turnaround times and test sensitivity (i.e., false nega-
tives) [33]; Therefore, C-19 tests are known for false-negative
results, which are typically discussed. False-negative rates were
found to range from 2% to 33% on repeat sample testing [34].

Wikramaratna et al. [28] have found that the probability of
getting a positive result from a test decreases over time after
the onset of symptoms of C-19 disease. Considering this fact and
owing to the limited number of available test kits, we develop
an analytical model that can lead us to find the kits that have
fewer errors in diagnosing the probability of getting infected for
the patients requested for the test on the rth day after their first
symptoms. In other words, when a suspected C-19 patient is to be
tested on day r , a decision should be made about using the kit that
better suits that day and reduces the risk of false results in the
test. To this end, first, the probability of getting false results from
a test on the rth day after the onset of the first symptoms of the
patient’s disease is introduced based on the Gamma distribution
function applied in the study by Wikramaratna et al. [28] as:

f (x,G,U) = xG−1 exp(−x
U )

UG∗Γ (G)
∀ x > 0 and U,G > 0 (1)

Using this function, Wikramaratna et al. [28] have estimated
the total false-negative rate of results for the hypothetical groups
of patients tested. More precisely, they have used a Gamma
distribution with parameters of mode (M) and standard deviation
(σ) in which M shows the highest number of patients who have
requested for the test in the rth day after the onset of their first
ymptoms. The shape parameter (G) and the rate parameter (U) of
he gamma distribution are functions of mode (M) and standard
eviation (σ) as in Eqs. (2) and (3):

U = (M +

√
M + 4σ 2)/(2σ 2) (2)

G = 1 + MU (3)

To this end, according to the concept of the probability density
function, Take the integral in the desired interval (for example,
the first-day interval 0–1) of the Eq. (1) to get the probability of
getting false results from a test on the rth day after the onset of
the first symptoms of the patient’s disease.

The mode and standard deviation of the distribution differ
with the time of appearance of the symptoms and the kits used
for testing. Specialists need to use various laboratory tests to
make a correct diagnosis for separating the infected cases from
the uninfected ones. Various tests are available for this purpose,
and it is obvious that the test with the least risk and the most
accuracy is more suitable for this purpose. However, reaching
high levels of test accuracy, e.g., 100% accuracy, is not possible
in practice; a test, for various diseases and depending on the
conditions will have different accuracy levels.

The impact of undetected cases in medical and social set-
tings, as well as the spread of the epidemic among asymptomatic
or mildly symptomatic patients, have always prioritized false-
negative results. False-positive results have had severe conse-
quences, particularly among healthcare workers.

The result can also be false-positive if contamination occurs
during sample collection, such as a swab accidentally touch-
ing a contaminated glove, cross-reacting with different viruses,
or reagent contamination. These problems are not only theo-
retical; As of March 2020, the US Centers for Disease Control
and Prevention had to withdraw C-19 test kits because reagent
contamination heightened the rate of false positives [35].
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Fig. 1. C-19 testing kits supply chain network.
Fig. 2. Schematic representation of coronavirus test analysis.

The fundamental characteristics of diagnostic tests for C-19
isease, which express the above condition, are expressed in
ensitivity and specificity; the method is straightforward to be
sed, but the C-19 disease reacts differently on different days.
or this reason, in this paper, to apply the sensitivity and speci-
icity characteristics, we divide the suspected C-19 cases into two
roups of infected and uninfected based on the prevalence rate.
ccordingly, we calculate the sensitivity characteristics from the
amma formula, which has been presented to estimate the error
ate of the false-negative result, and to calculate the specificity
haracteristics, we have considered the failure percentage of the
ubmitted kits. ηrk and 1 − βk equal the sensitivity and speci-
icity of the test, respectively. A schematic representation of the
oronavirus test analysis network is shown in Fig. 2.

.2. MSSP formulation

Generally, MSSP with N-stage consists of a series of SPs such
s ℑ1, ℑ2,. . . , ℑN−1. A scenario is an explanation of these SPs
1, ℑ2, . . . ,ℑN−1 and a ST is used to show random parameters. In
act, a ST is often a set of S scenarios with the number of scenarios
counted by |s|. p1, p2, . . . , p|s| are the probability of the scenarios

and the explanation of SPs for scenario s ∈ S is expressed by

5

(ℑs
1, ℑ

s
2, . . . ,ℑ

s
N−1). Each period is expressed by t ∈ T, hence our

model has |T | periods.
In this paper, we consider the suspected C-19 cases’ regions

demand for various kits and the rate of prevalence of C-19 as SPs,
respectively, by Ds

t and prevs
mt for each scenario s and period t.

Then there is a relation between the stochastic program stages
and the planning horizon periods. A typical ST of nine scenar-
ios for four-stage stochastic programming that has three-period
planning shows in Fig. 3.

A strategy is non-anticipative in MSSPs that shows the deci-
sions taken at each stage may not depend on the future realiza-
tion of SPs. There are two common approaches to formulate an
MSSP, as shown by Dupacová [36]. At first, a MSSP is formulated
as a series of nested TSSPs that the settings for non-anticipativity
are indirectly added. The non-anticipativity constraints are ex-
plicitly enforced in the second method used in this paper. For
more information, refer to Fattahi et al. [31]. λs

n is the decision
vector for stages ∈ {1, 2, . . . , N}, scenario s ∈ S, and decisions
must be taken at each stage before SPs are realized. Therefore
we have λs

1 = λs′

1 for each pair of scenarios s′, s ∈ S in the
first stage of the ST (i.e., in the root node). Besides, for each
stage n > 1, we have λn,s = λn,s′ and scenarios s, s′ ∈ S so that
(ℑs

1, ℑ
s
2, . . . ,ℑ

s
N−1) = (ℑs′

1 , ℑs′

2 , . . . ,ℑs′

N−1). If the feasible region
for decisions at scenario s and stage n is λn,s, so we can use the
MSSP model (4):

Min
|s|∑
s=1

psf (λs

1, λ
s

2, . . . , λ
s

nℑ
s

1, ℑ
s

2, . . . ,ℑ
s

N−1)

Subject to

λs

n ∈ λs′

n ∀n ∈ N∀s ∈ S

λs

n = λs′

n (s, s′) ∈ S

λs

n = λs′

n

∀n ∈ N/{1}, (s, s′) ∈ S: (ℑs

1, ℑ
s

2, . . . ,ℑ
s

N−1) = (ℑs′

1 , ℑs′

2 , . . . ,ℑs′

N−1)
(4)

As a conveniently compact form (excluding the second ob-
jective function) of the C-19TKSN model could be denoted as
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Fig. 3. A scheme of a scenario tree.
ollows:

in Z =

∑
t

C
′.Yt +

∑
t

b.Xt

ubject to

t ≤ W.Yt ∀t

.Xt ≥ dt ∀t

.Xt = 0 ∀t

.Yt ≤ 1 ∀t

t ≤ M.Pt ∀s, t

t , Yt ∈ {0, 1} ,Xt ≥ 0, (5)

′ is equal to the purchasing MTLs cost and b is equal to Trans-
ortation cost, the coefficient matrices of the constraints are the
, L, V, and H matrices, while M is a large number. Also, vectors
and P indicate the binary variables, whereas vector X shows

he positive continuous variables. Now assume that vector d
epresenting the demand of the regions of suspected C-19 cases is
he stochastic parameter. In the compact formulation, the second
bjective function is omitted without loss of generality, so it can
e acted similarly to the first objective function. According to
he above-mentioned, the compact forms of the MSSP models for
esigning a C-19TKSN formulated as follows:

in Z =

∑
t

C
′.Yt + πs

∑
s

b.Xts

ubject to∑
s

Xts ≤ W.Yt ∀t

.Xts ≥ dts ∀s, t

.Xts = 0 ∀s, t

.Yt ≤ 1 ∀t

ts ≤ M.Pts ∀s, t

ts = Pts′ ∀t = 1(s, s′) ∈ S

Xts = Xts′ ∀t = 1(s, s′) ∈ S

ts = Pts′

∀t\{1}, (s, s′) ∈ S: (ℑs

1, ℑ
s

2, . . . ,ℑ
s

N−1) = (ℑs′

1 , ℑs′

2 , . . . ,ℑs′

N−1)

Xts = Xts′

∀t\{1}, (s, s′) ∈ S: (ℑs

1, ℑ
s

2, . . . ,ℑ
s

N−1) = (ℑs′

1 , ℑs′

2 , . . . ,ℑs′

N−1)

Pts,Yt ∈ {0, 1} ,Xts ≥ 0, (6)
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As a remark, the compact form of the TSSP model for designing
a C-19TKSN is formulated in Appendix A.

3.3. Optimization problem

Here, we give the sets, parameters, and decision variables
needed to formulate mathematically the C-19TKSN problem, and
then present the mathematical model.

Sets
M Set of the regions of suspected C-19 cases. (m ∈ M)
J Set of candidate location of MTLs. j ∈ J, (j′j′′ ∈ J).
L Set of FTLs. (l ∈ L)
H Set of specialized hospitals. (h ∈ H)
P Set of kit manufacturers. (p ∈ P)
K Set of various C-19 test kits. (k ∈ K )
T Set of periods (t ∈ T , t = 1, 2, . . . , |T |)
R Set of time between the emergence of their first

symptoms and the time they are tested (r ∈ R,
r = 1, 2, . . . |R|)

S Set of scenarios indexed (s, s′ ∈ S)

Parameters
CFj The purchasing cost of each MTL j ∈ J .
Cj′j′′ Moving cost of each MTL from location j′ ∈ J to

location j′′ ∈ J in two successive periods.
Trc′

pj Transportation cost of all C-19 test kits from kit
manufacturer p ∈ P to MTLs j ∈ J .

Trc′′

pl Transportation cost of all C-19 test kits from kit
manufacturer p ∈ P to FTL l ∈ L.

Trc′′′

ph Transportation cost of all C-19 test kits from kit
manufacturer p ∈ P to specialized hospital h ∈ H .

FO′

jh Transportation cost of PCR kits from MTL j ∈ J to
specialized hospital h ∈ H .

FO′′

lh Transportation cost of PCR kits from FTL l ∈ L to
specialized hospital h ∈ H .

PCk Production cost various C-19 test kit k ∈ K
OCj Operating cost of MTL j ∈ J .
OC′

l Operating cost of FTL l ∈ L.
OC′′

h Operating cost of specialized hospital h ∈ H .
ηrk Sensitivity coefficient at the rth day after their first

symptoms r ∈ R for various C-19 kit k ∈ K .
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prevs
mtRate of the prevalence of C-19 in the regions of
suspected C-19 cases m ∈ M in period t ∈ T under
scenario s ∈ S.

Ds
mrt Demands of the regions of suspected C-19 cases

m ∈ M at the rth day after their first symptoms
r ∈ R in period t ∈ T under scenario s ∈ S.

Bk The failure percentage of C-19 test kit k ∈ K
(specificity coefficient).

Opkt The maximum production capacity of kit
manufacturer p ∈ P for C-19 test kit k ∈ K in
period t ∈ T .

caP′

jk The capacity of MTL j ∈ J for C-19 test kit k ∈ K .
caP′′

lk The capacity of FTL l ∈ L for C-19 test kit k ∈ K .
caP′′′

hk The capacity of specialized hospital h ∈ H for C-19
test kits k ∈ K .

µ A very large number.
Ps The occurrence probability of scenario s ∈ S.

Positive Variables
X′s

mjrt It is equal to 1 if the regions of suspected C-19
cases m ∈ M is assigned to MTL j ∈ J on the rth
day r ∈ R in period t ∈ T under scenario s ∈ S; and
0 otherwise.

X′′s
mlrt It is equal to 1 if the regions of suspected C-19

cases m ∈ M is assigned to FTL l ∈ L on the rth day
r ∈ R in period t ∈ T under scenario s ∈ S; and 0
otherwise.

X′′′s
mhrt It is equal to 1 if the regions of suspected C-19

cases m ∈ M is assigned to hospital h ∈ H on the
rth day r ∈ R in period t ∈ T under scenario s ∈ S;
and 0 otherwise.

Xj′j′′t It is equal to 1 if MTL j ∈ J moves from location j′
in period (t -1) to location j′′ in period t ∈ T ; and 0
otherwise.

Ps
mjkrt The number of patients tested from the regions of

suspected C-19 cases m ∈ M in MTL j ∈ J with test
kit k ∈ K on the rth day after their first symptoms
r ∈ R in period t ∈ T under scenario s ∈ S.

P′s
mlkrt The number of patients tested from the regions of

suspected C-19 cases m ∈ M in FTL l∈ L with test
kit k ∈ K on the rth day after their first symptoms
r ∈ R in period t ∈ T under scenario s ∈ S.

P′′s
mhkrt The number of patients tested from the regions of

suspected C-19 cases m ∈ M with test kits k ∈ K
on the rth day after their first symptoms r ∈ R in
hospital, h ∈ H in period t ∈ T under scenario
s ∈ S.

Y′s
pjkt The number of C-19 test kit k ∈ K transported

from kit manufacturer p ∈ P to MTL j ∈ J period,
t ∈ T under scenario s ∈ S.

Y′′s
plkt The number of C-19 test kit k ∈ K transported

from kit manufacturer p ∈ P to FTL, l ∈ L in period
t ∈ T under scenario s ∈ S.

Y′′′s
phkt The number of C-19 test kit k ∈ K transported

from kit manufacturer p ∈ P to hospital h ∈ H in
period t ∈ T under scenario s ∈ S.

F′s
jht The number of used PCR kits transported from

MTL j ∈ J to hospital h ∈ H in period t ∈ T under
scenario s ∈ S.

F′′s
lht The number of PCR kits transported from FTL l∈ L

to hospital h ∈ H in period t ∈ T under scenario
s ∈ S.

Integer variable
N Number of required MTLs.
7

3.3.1. Objective functions (OF)
The first OF, Eq. (7), minimizes total network cost includ-

ing the network costs include purchasing cost of MTL, moving
costs of each MTLs, the different kits transportation costs from
manufacturers to MTLs, FTLs and specialized hospitals, PCR kits
transportation costs from MTLs, FTLs to hospitals, production
costs of test kits in manufacturers and operating costs in MTLs,
FTLs, and specialized hospitals, according to the Possibility of
different scenarios. As a remark, detailed calculations regarding
all formulations are provided in Appendix B.

Min Z1 :∑
j

(
CFj∗N

)
+

∑
j′j′′t

(Xj′j′′t ∗ Cj′j′′ ) +

∑
pjkts

Ps ∗ Y
′s

pjkt ∗ Trc
′

pj

+

∑
plkts

Ps∗Y
′′s

plkt ∗ Trc
′′

pl

+

∑
phkts

Ps∗Y
′′′s

phkt ∗ Trc
′′′

ph +

∑
jhts

Ps ∗ F
′s

jht ∗ FO
′

jh

+

∑
lhts

Ps∗F
′′s

lht ∗ FO
′′

lh +

∑
pjtks

Ps∗PCk∗Y
′s

pjkt∑
pltks

Ps∗PCk ∗ Y
′′s

plkt +

∑
phtks

Ps ∗ PCk∗Y
′′′s

phkt + ((|T |)

∗ (
∑
J

OCj +
∑

l

OC
′

l +
∑
h

OC
′′

h)) (7)

The second OF, Eq. (8), minimizes the risk of testing false
results by assigning proper test kits. We divide the suspected C-
19 cases into two infected and uninfected groups based on the
prevalence rate to apply the sensitivity and specificity charac-
teristics. The first, second, and third terms indicate how false-
negative rate results can be reduced. Also, the fourth, fifth, and
sixth terms show the reduction of false-positive rate results.

Min Z2:∑
mjkrts

Ps ∗ ((1 − ηrk) ∗ P
s

mjkrt ∗ prev
s

mt )

+

∑
mlkrts

Ps ∗ ((1 − ηrk) ∗ P
′s

mlkrt ∗ prev
s

mt )

+

∑
mhkrts

Ps ∗ ((1 − ηrk) ∗ P
′′s

mhkrt ∗ prev
s

mt )

+

∑
mjkrts

Ps∗(Bk ∗ P
s

mjkrt ∗ (1 − prev
s

mt ))

+

∑
mlkrts

Ps∗(Bk ∗ P
′s

mlkrt ∗ (1 − prev
s

mt ))

+

∑
mhkrts

Ps ∗ (Bk ∗ P
′′s

mhkrt ∗ (1 − prev
s

mt )) (8)

3.3.2. Constraints
Constraint (9) ensures that the number of suspected C-19

cases go to MTLs, FTLs, and specialized hospitals for taking various
C-19 test kits is equal to the total number of the suspected C-19
cases (i.e., infected and uninfected cases).∑
jk

P
s

mjkrt +

∑
lk

P
′s

mlkrt +

∑
hk

P
′′s

mhkrt = D
s

mrt ∀m, r, t, s (9)

Constraints (10)–(12) indicate that the total number of various
C-19 kits sent to MTLs, FTLs, and specialized hospitals should be
greater than the number of suspected C-19 cases tested in MTLs,
FTLs, and specialized hospitals, respectively.∑

Y
′s

pjkt ≥

∑
P
s

mjkrt ∀j, k, t, s (10)

p mr
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X

X

s
c
C
r
P

∑
p

Y
′′s

plkt ≥

∑
mr

P
′s

mlkrt ∀l, k, t, s (11)∑
p

Y
′′′s

phkt ≥

∑
mr

P
′′s

mhkrt ∀h, k, t, s (12)

Constraints (13)–(15) ensure that the suspected C-19 cases
are allocated respectively to FTLs, MTLs, or specialized hospitals
in each period only if the regions of suspected C-19 cases are
assigned to MTLs, FTLs, and specialized hospital.∑

k

P
s

mjkrt ≤ µ ∗ X
′s

mjrt ∀m, j, r, t, s (13)∑
k

P
′s

mlkrt ≤ µ ∗ X
′′s

mlrt ∀m, l, r, t, s (14)∑
k

P
′′s

mhkrt ≤ µ ∗ X
′′′s

mhrt ∀m, h, r, t, s (15)

Constraint (16) implies that each region of suspected C-19
cases can be assigned to FTL, MTL, or specialized hospitals. In
other words, it is considered that each region of suspected C-19
on the rth day can be allocated to one FTL, MTL, or specialized
hospital.∑

j

X
′s

mjrt +

∑
l

X
′′s

mlrt +

∑
h

X
′′′s

mhrt ≤ 1 ∀m, r, t, s (16)

Constraint (17) ensures that the number of kits shipped from
manufacturers to MTLs, FTLs, and the specialized hospital does
not exceed the maximum production capacity. In other words,
the number of various kits cannot be more than the maximum
production capacity.∑

j

Y
′s

pjkt +

∑
l

Y
′′s

plkt +

∑
h

Y
′′′s

phkt ≤ Opkt ∀p, k, t, s (17)

Constraints (18) and (19) ensure that the number of PCR
kits tested in MTLs, FTLs is equal to the used PCR kits sent to
the specialized hospital; because of the high cost of PCR test-
ing equipment, the required equipment for the PCR test is only
provided in specialized hospitals.∑
mr

P
s

mj1rt =

∑
h

F
′s

jht ∀j, t, s (18)∑
mr

P
′s

ml1rt =

∑
h

F
′′s

lht ∀l, t, s (19)

Constraint (20) indicates that the number of various C-19 kits
sent to MTLs does not exceed the maximum capacity of MTLs.∑
p

Y
′s

pjkt ≤ caP
′

jk ∀j, k, t, s (20)

Constraint (21) guarantees that the number of various C-19
kits sent to FTLs does not exceed the maximum capacity of FTLs.∑
p

Y
′′s

plkt ≤ caP
′′

lk ∀l, k, t, s (21)

Constraint (22) indicates that the sum of the number of vari-
ous C-19 kits sent to specialized hospitals and the number of PCR
kits sent to the specialized hospital for testing from MTLs, FTLs
does not exceed the maximum capacity of specialized hospitals.∑
p

Y
′′′s

phkt +

∑
js

F
′s

jht +

∑
ls

F
′′s

lht ≤ caP
′′′

hk ∀p, h, t, s (22)

In other words, constraints (20)–(22) indicate that sent various
C-19 kits cannot be more than the maximum capacity of MTLs,
FTLs, and specialized hospitals.

Constraints (23) and (24) show that only one MTL can be
transferred to another candidate region of C-19 suspected cases
8

in each period. Constraint (25) would indicate relocation of MTL
in two consecutive periods only if it was in the prior location in
the past period. In each period, the number of required MTLs is
expressed by constraint (26).∑

j′

Xj′j′′t ≤ 1 ∀j′′, t (23)

∑
j′′

Xj′j′′t ≤ 1 ∀j′, t (24)

∑
j′′

Xj′j′′t ≤

∑
j

Xjj′t−1 ∀j′, t and t ≥ 2 (25)

∑
j′j′′

Xj′j′′t = N ∀t (26)

3.3.3. Non-anticipativity constraints

X
′s

mjrt = X
′s′

mjrt ∀m, j, r, t = 1(s, s′) ∈ S (27)

X
′′s

mlrt = X
′′s′

mlrt ∀m, l, r, t = 1(s, s′) ∈ S (28)

X
′′′s

mhrt = X
′′′s′

mhrt ∀m, h, r, t = 1(s, s′) ∈ S (29)

X
′s

mjrt = X
′s′

mjrt

∀m, j, r, t\{1}, (s, s′) ∈ S: (ℑs

1, ℑ
s

2, . . . ,ℑ
s

N−1) = (ℑs′

1 , ℑs′

2 , . . . ,ℑs′

N−1)
(30)

′′s

mlrt = X
′′s′

mlrt

∀m, l, r, t\{1}, (s, s′) ∈ S: (ℑs

1, ℑ
s

2, . . . ,ℑ
s

N−1) = (ℑs′

1 , ℑs′

2 , . . . ,ℑs′

N−1)
(31)

′′′s

mhrt = X
′′′s′

mhrt

∀m, h, r, t\{1}, (s, s′) ∈ S: (ℑs

1, ℑ
s

2, . . . ,ℑ
s

N−1) = (ℑs′

1 , ℑs′

2 , . . . ,ℑs′

N−1)
(32)

Constraints (27)–(32) reflect the MSSP’s non-anticipation con-
traints. More descriptions have been given previously on these
onstraints. The allocation decisions for the regions of suspected
-19 cases (X) must be made before knowing the uncertainty
ecognition of SPs at each stage of the MSSP. These decisions are
s
mjkrt ,P

′s
mlkrt ,P

′′s
mhkrt and Constraints (33)–(35), can be defined as

follows:

P
s

mjkrt = P
s′

mjkrt

∀m, j, r, t, (s, s′) ∈ S: (ℑs

1, ℑ
s

2, . . . ,ℑ
s

N−1) = (ℑs′

1 , ℑs′

2 , . . . ,ℑs′

N−1)
(33)

P
′s

mlkrt = P
′s′

mlkrt

∀m, l, r, t, (s, s′) ∈ S: (ℑs

1, ℑ
s

2, . . . ,ℑ
s

N−1) = (ℑs′

1 , ℑs′

2 , . . . ,ℑs′

N−1)
(34)

P
′′s

mhkrt = P
′′s′

mhkrt

∀m, k, r, t, (s, s′) ∈ S: (ℑs

1, ℑ
s

2, . . . ,ℑ
s

N−1) = (ℑs′

1 , ℑs′

2 , . . . ,ℑs′

N−1)
(35)

Finally, constraints (36)–(38) determine the types of decision
variables.

N ∈ integer (36)

X
′s

mjrt ,X
′′s

mlrt ,X
′′′s

mhrt ,Xj′j′′t ∈ {0, 1} ∀m, j, l, h, j′, j′′, r, t (37)

P
s

mjkrtP
′s

mlkrtP
′′s

mhkrtY
′s

pjktY
′′s

plktY
′′′s

phktF
′s

jhtF
′′s

lht

∀m, j, l, h, j′, j′′, k, r, t (38)
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4. Solution methodology

A step-by-step algorithm is proposed in this subsection to
olve the proposed method. This algorithm’s flowchart is depicted
n Fig. 4, which consists of four major steps. The nature of the C-
9TKSN problem is dynamic over time due to difficult predictions
nd changes in the number of C-19 patients. As represented in the
lowchart, in the first step, the SPs (i.e., the potential demands
elating to different regions of the suspected C-19 cases for vari-
us C-19 tests and the prevalence rate of C-19) are generated by
sing MC simulation. Then, scenarios are redacted by the forward
T construction method. Laporte et al. [10] verified that when the
ncertainty of SPs has been progressively realized in each period,
he proposed MSSP method is a useful optimization tool.

Furthermore, some of the parameters in this network (e.g., the
apacity data for testing centers, opening costs of MTLs, opera-
ion costs, transportation costs) are tainted with uncertainty in
eal-life scenarios due to the dynamic nature of the problem
i.e., possible long-term parameter value fluctuations), which is
erified by Mousazadeh et al. [11]. Hence, in the second step,
fuzzy approach based on Me measure is introduced to deal
ith uncertainty parameters (i.e., the capacity data for testing
enters, opening costs of MTLs, operation costs, transportation
osts) in C-19TKSN. In other words, the input parameters are
andomly initialized. Then, the uncertainty analysis is performed
n the third step, and the amount of confidence level (α) and
optimistic–pessimistic parameter (ϕ) are set up. In the end, a
Fuzzy Multi-Objective Goal Programming (FMOGP) is presented
to solve the suggested multi-objective model. In other words, the
weighted coefficients of the OF are evaluated in the fourth step in
order to give DMs an insight into making the preferable trade-off
between the aforementioned objectives.

4.1. Multivariate ST generation for SPs

One of the most important issues in a MSSP is generating a
ST for SPs that indicates a multivariate stochastic process. The
scenario generation scheme is defined in more detail in this
section.

4.1.1. Scenario generation
The discretization procedure is called scenario generation for

the continuous probability distribution function of SPs from a
set of separated scenarios. Monte-Carlo (MC) simulation is used
for SPs (i.e., potential demands and the rate of prevalence of C-
19) to produce these separated scenarios. An updated first-order
autoregressive model, firstly suggested by Sodhi [37], should be
added to tackle the high time-variable demands of suspected
cases.

In our case, the potential demands of suspected C-19 cases’
regions for C-19 tests can be obtained by the following Equation
at time t under scenario s:

D
s

mrt − d′

mrt = δmr
(
D

s

mr,t−1 − d′

mr,t−1

)
+ εNs

mrt (39)

where δmr and d′

mrt−1 are the autoregressive and pre-
determined parameters, respectively. d′

mrt−1 is the potential daily
demands of suspected C-19 cases’ regions dependent on the time,
and εNs

mrt is the error parameters with normal distribution, mean
and variance zero and δ2, respectively. The rate of C-19 preva-
lence is calculated as Eq. (39). A scenario fan is the performance
of the MC simulation, including a set of scenarios. We can clarify
how to reduce this large number of scenarios in the following
parts and turn them into a ST. The rate of prevalence is calculated
as above.
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4.1.2. Scenario reduction
A large number of scenarios cause a computationally

intractable optimization problem. This method, introduced by
Dupacova et al. [38], is defined in the following. Assume U is
a distribution function of the stochastic ℑ =

{
ℑ

t
}|T |

t=1. If U has
finite support, then discrete scenarios such that supp (U) ={
ℑ

1, ℑ2, . . . ,ℑ|s|
}
, ℑ

s
=

{
ℑ

s
t

}|T |

t=1, and s = 1,2,. . . , |S| can be
expressed via |S|. In comparison, us and

∑
|s|

s=1 us = 1 are the
corresponding probabilities of the scenarios. Also, let U ′ ’be a
distribution of the same dimension of another stochastic process
ℑ

′
=

{
ℑ

′t
}|T |

t=1. Then SUPP
(
U ′

)
= {ℑ

′1, ℑ′2, . . . ,ℑ′|s|
}, with |S′

|

scenarios and related possibilities u′

s′
, s′ = 1, 2, . . . , |S′

|, and,
|s′|

s′=1 u
′

s′
= 1. The optimum solution of the following linear

ransport problem is the Kantorovich distance (DIK ) between U
nd, U ′:

IK
(
U,U ′

)
= inf{

|s|∑
s=1

|s′|∑
s′=1

ϑss′C|T |

(
ℑ

s, ℑ′s′
)
:ϑss′ ≥ 0,

|s|∑
s=1

ϑss′

= u′

s′
,

|s′|∑
s′=1

ϑss′ = us, ∀ss
′
∈ S} (40)

where Ct

(
ℑ

s, ℑ′s′
)

=
∑t

k=1

ℑ
s
k − ℑ

′s′

k

, t = 1, 2, . . ., |T | and ∥.∥

is a norm over Rn. Hence, C|T | is the distance among scenarios over
the planning time.

Assume U ′ is the reduced probability distribution of ℑ ={
ℑ

t
}|T |

t=1, then discrete U ′ the support comprises scenarios ℑ
′

={
ℑ

′t
}|T |

t=1 |, and s′ ∈
{
1, . . . ,

⏐⏐S′
⏐⏐} \DS where the set of deleted

scenarios is DS. Dupacová et al. [36] has pointed out the min-
imum distance between U and U ′ for a fixed range of DS ⊂

{1, 2, . . . , |S|} can be captured by:

DIK
(
U,U ′

)
=

∑
s∈DS

us min
s′ /∈DS

C|T |

(
ℑ

s, ℑ′s′
)

(41)

And probabilities u′

s′
for U ′, scenarios, i.e., the retained scenar-

ios ℑ
s′ , S′ /∈ DS, are provided by u′

s′
= us′ +

∑
s∈DS

s′
us where

DSs′ ={s∈ DS: s′ = s′(s)}, and s′ (s) is a selection of the index
set of the closest scenarios to ℑ

s, ∀s ∈ DS, i.e. s′ = s′ (s) ∈

argmins′ /∈DS C|T|

(
ℑ

s, ℑ′s′
)

, ∀s ∈ DS.
We can solve the following reduction problem to choose the

set DS with fixed cardinality # DS optimally:

min{
∑
s∈DS

us min
s′ /∈DS

C|T |

(
ℑ

s, ℑ′s′
)
DS ⊂ {1, 2, 3, . . . , |S|} ,

#DS = |S| − NS} (42)

Where the number of retained scenarios after reduction is
= |S| − #DS. However, it can be resolved tractably in special
cases where #DS = 1 (eliminating one scenario) and #DS =

|S| − 1 (maintaining one scenario). Two heuristic methods called
forward and backward reduction were developed by [37]. In the
backward scenario reduction method, the optimal deletion of one
scenario should be replicated recursively before the deletion of
|S| − NS scenarios, whereas in the forward scenario selection
method, the optimal selection of one scenario should be repeated
recursively until the NS scenario is reached. Refer to Heitsch and
Romisch [39], Heitsch and Romisch [40], and Dupacova et al. [38]
for more information.

4.1.3. ST construction
As described, a form of scenario fan consists of generated

scenarios for SPs. In this sub-section, we change the gener-

ated scenario fan into a representative ST based on Heitsch
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nd Romisch [40]. We will reduce the sum of scenarios by the
rocedure mentioned in sub Section 4.1.2.
We should consider each scenario s = 1, . . . , |S|, as ℑ

S
=

ℑ
s
1, ℑ

s
2, . . . ,ℑ

s
|T |
) with probability usc , where |T | is the number

f periods for a scenario fan with the probability distribution U
onnected to the multivariate scenarios. Because all scenarios in
he initial node are the same, i.e., ℑ

1
0 = ℑ

2
0 = · · · = ℑ

|S|

0 = ℑ
∗

0,
he total number of existing nodes in the scenario fan is |S| |T |+1.
he Uε probability distribution ST would also have a root node of
∗

0. Also, in the ST, the number of nodes is less than the scenario
an and DIK (U,Uε) < ε.

The forward scenario reduction method is applied in this paper
or each period and converting the scenario fan into a ST by
uccessive clustering of scenarios. This method is called the tree
onstruction method of the forward scenario. Readers can Refer
o Heitsch and Romisch [40] and Growe-Kuska et al. [41] for more
nformation. For the implementation of the scenario reduction
rocess under the conditional

∑
|T |

εt ≤ ε, εt is known to provide
t=1

10
ST with DIK (U,Uε) < ε, at each time t. In other words, in
ach time t with

∑
s∈DS

usc min
s′ /∈DS

C|T |

(
ℑ

s, ℑ′s′
)

≤ ε, we apply the

maximum reduction method. In addition, the distance between
both of the two scenarios is determined in each period t using
Ct

(
ℑ

s, ℑ′s′
)

=
∑t

k=1

ℑ
sc
k − ℑ

′SC ′

k

.
As presented by Heitsch and Romisch [40], ε = εmax ∗ εrel

s typically used to calculate ε. 0 < εrel < 1, is a fixed value
n this relation, describing a scale for the amount of reduction
n the initial fan scenario and εmax is the best distance between
he initial scenario fan’s probability distribution and one of its
cenarios of probability one.
In this paper, εt is determined via the following equation for

he generation of ST at each t period (44):

t =
ε

[
0.5 + q′(1 −

t
)
]

∀t (43)

|T | + 1 |T | + 1
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where q′
∈ [0, 1] is a constant parameter, which in our imple-

mentations is assumed to be 1. It can obviously be seen, according
to reference (27), that

∑
|T |

t=1 εt =
ϵ

|T |+1

[
|T |

2 + q′( |T |

2 )
]
and as a

result, because of q′
∈ [0, 1], we have

∑
|T |

t=1 εt ≤ ε. Besides, if
we set q′

= 1 then,
∑

|T |

t=1 εt =
|T |

|T |+1ε.

.2. Fuzzy programming method (FPM)

FPM can properly control cognitive uncertain data and flex-
bility in objectives or constraints. FPM can be classified into
wo main categories: (a flexible programming (FP) b) possibilis-
ic programming (PP). PP is used if we cope with EU in input
ata according to the unavailability or inadequacy of needed
ata. In this situation, with both the available objective data and
Ms’ subjective opinions, a possible distribution is set for each
naccurate data.

Some of the network problem parameters (e.g., facility capac-
ty parameters at different levels of the network, purchase costs
f MTLs, transportation cost, operation cost) have a high degree
f uncertainty in reality, which is due to the dynamic problem
ature [16]. Considering the abovementioned definitions, we can
se fuzzy planning approaches based on Me measurement to

describe the proposed model uncertainty in parameters.

4.2.1. Possibilistic chance-constrained programming
One of the most common PP methods is possibilistic chance-

constrained programming (PCCP) to deal with the possibility in
data. This method has the ability to manage the possibilistic
chance constraints that involve the possibilistic data in either
the left-hand or right-hand side or both of them. The confidence
level (α) should be minimized for the DMs to satisfy the chance
constraints by the suggested method. The Possibility (Pos) and
Necessity (Nes) are two known fuzzy measures for estimating
such assurances in PCCP models [42]. The Posmeasure shows the
ost optimistic possibility level of possibilistic data happening.

n contrast, the Nes measure enables the minimum (i.e., the
ost pessimistic) possibility level according to a DM pessimistic
ttitude. Considering the trapezoidal fuzzy number ξ = (r1, r2, r3,
r4) and r1 < r2< r3 < r4, the membership function is specified as
follows:

µ(x) =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

x− r1

r2 − r1
if r1 ≤ x ≤ r2

1 if r2 ≤ x ≤ r3
r4 − x

r4 − r3
if r3 ≤ x ≤ r4

0 if otherwise

(44)

For α > 0.5, the crisp counterparts of membership functions in
the measures of Nes and, Pos are calculated as follows (Inuiguchi
and Ram ık [43], Liu and Iwamura [44]):

Pos

{
ĩ ≤ x

}
≥ α ⇐⇒

x− r1

(r2 − r1)
≥ α

⇐⇒ x ≥ (1 − α) r1 + αr2 (45)

os

{
ĩ ≥ x

}
≥ α ⇐⇒

r4 − x

(r4 − r3)
≥ α

⇐⇒ x ≤ αr3 + (1 − α) r4. (46)

es

{
ĩ ≤ x

}
≥ α ⇐⇒

x− r3

(r4 − r3)
≥ α

⇐⇒ x ≥ (1 − α) r3 + αr4 (47)

es

{
ĩ ≥ x

}
≥ α ⇐⇒

r2 − x

(r2 − r1)
≥ α

⇐⇒ x ≤ αr1 + (1 − α) r2 (48)
11
Also, for r1 > 0, the expected value of the mentioned mea-
ures is described, according to Liu and Liu [45]:

Pos [I] =

∫
+∞

0
Pos {I ≥ x} dx −

∫ 0

−∞

Pos {I ≤ x} dx =
r3 + r4

2
(49)

ENes [I] =

∫
+∞

0
Nes {I ≥ x} dx−

∫ 0

−∞

Nes {I ≤ x} dx =
r1 + r2

2
(50)

The above interventions are too extreme, although the DMs
have a more neutral attitude towards the possibilistic data. To
generate a balance between optimistic attitude (OA) and pes-
simistic attitude (PA) based on experts’ opinions, the Me mea-
sure is therefore introduced by Xu & Zhou [46]. Suppose that
A is a fuzzy set in the possibility of space. The Me measure of
A is stated as follows:

Me [ξ ] = ϕ.Pos {A} + (1 − ϕ) .Nes {A} = Nes {A}

+ ϕ (Pos {A} − Nes {A}) (51)

here ϕ (0 < ϕ < 1) the optimistic–pessimistic data shows the
M’s composed attitude. It should be mentioned that Pos and
es measures are particular cases of Me, as follows:

• When ϕ = 1, it shows that the DMs have the most OA, so
Me = Pos shows the maximum chance that even A holds
the possibilistic;

• When ϕ = 0, it shows that the DMs have the most PA, so
Me = Nes shows the minimum chance that even A holds
the possibilistic;

t is suitable for making decisions problem in real-life in a fuzzy
nvironment. In this method, DMs have the ability to take any
oint across the spectrum of extreme attitudes by using a convex.
he Me measure is calculated as follows:

e

{
ĩ ≤ x

}
=

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0 if x ≤ r1

ϕ ×
x− r1

r2 − r1
if r1 ≤ x ≤ r2

ϕ if r2 ≤ x ≤ r3

ϕ + (1 − ϕ)
x− r3

r4 − r3
if r3 ≤ x ≤ r4

1 if x ≥ r4

(52)

e

{
ĩ ≥ x

}
=

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

1 if x ≤ r1

ϕ + (1 − ϕ) ×
r2 − x

r2 − r1
if r1 ≤ x ≤ r2

ϕ if r2 ≤ x ≤ r3

ϕ ×
r4 − x

r4 − r3
if r3 ≤ x ≤ r4

0 if x ≥ r4

(53)

Me [I] =

∫
+∞

0
Me{I ≥ x} dx−

∫ 0

−∞

Me{I ≤ x} dx

=
1 − ϕ

2
(r1 + r2) +

ϕ

2
(r3 + r4) (54)

In nearly all critical issues which are extremely sensitive to the
alue of uncertain data, such as healthcare problems, DMs aim
o meet the possibilistic chance constraints with a logically high
hance. To do so, they utilize a PA for the problem. Hence, ϕ takes
alues less than 0.5 to come closer to the Nes measure to show
he DMs’ PA. For (ϕ <0.5), it is calculated as follows:

e

{
ĩ ≤ x

}
≥ α ⇐⇒ ϕ + (1 − ϕ)

x− r3
≥ α
(r4 − r3)
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⇐⇒ x ≥
(α − ϕ) r4 + (1 − α) r3

1 − ϕ
(55)

e

{
ĩ ≥ x

}
≥ α ⇐⇒ ϕ + (1 − ϕ)

r2 − x

(r2 − r1)
≥ α

⇐⇒ x ≤
(α − ϕ) r1 + (1 − α) r2

1 − ϕ
. (56)

Note: For both αs equal to or greater than 0.5, the crisp
ounterparts of both Me

{
ĩ ≤ x

}
≥ α and, Me

{
ĩ ≥ x

}
≥ α

should be piecewise functions and would not usually fit into
one equation, unlike Pos, Nes measurements. See Mousazadeh
et al. [11] for more information. The compact model (excluding
the second OF) is indicated:

Min Z = C
′.Y

Subject to
X ≤ W.Y

L.X ≥ d

V.X = 0
H.Y ≤ 1
X ≤ M.P

G.P ≤ 1

P, Y ∈ {0, 1} ,X ≥ 0, (57)

C′ is equal to the purchasing MTLs cost, the coefficient ma-
trices of the constraints are the W, L, V, H, and G matrices,
hile M is a large number. Also, vectors Y and P indicate the

binary variables, whereas vector X shows the positive continuous
variables. In the compact formulation, the second OF is omitted
without loss of generality, so it can be acted similarly to the first
OF. We convert the possibilistic OF to its crisp counterpart to
form the PCCP model by the expected value operator, and the
Me measure is used to deal with the possibilistic constraints of
chance, comprising imprecise parameters. Assume C′, W and d

are subject to EU. The formulation of the PCCP is thus determined
as:

Min E[Z] = E[C̃′].Y

Subject to
Me{X ≤ W̃ · Y} ≥ α

Me{LX ≥ d̃} ≥ β

v · X = 0
H · Y ≤ 1
X ≤ M · P

G · P ≤ 1

P, Y ∈ {0, 1}, X ≥ 0 (58)

By placing the equivalent of the expected value in the target
function and the Memeasure in the chance constraints, the above
model is defined as follows:

Min E[Z] =

[
1 − ϕ

2

(
C

′

(1) + C
′

(2)

)
+

ϕ

2

(
C

′

(3) + C
′

(4)

)]
.Y

ubject to

≤

[
(α − ϕ)W(1) + (1 − α)W(2)

1 − ϕ

]
· Y

X ≤

[
(β − ϕ)d(4) + (1 − β)d(3)

1 − ϕ

]
V · X = 0
H · Y ≤ 1

G · P ≤ 1 (59)
 γ
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4.3. FMOGP

Different approaches for solving multi-objective mathematical
programming problems have already been presented, which the
fuzzy programming approaches are the most common ones [47].
Estimation of a satisfaction level for each OF is one of the most
critical reasons for expanding these methods [48]. In this pa-
per, for solving the multi-objective model, the FMOGP method
is applied [49]. This method is usually used to deal with the
fuzziness of data input in a multi-objective problem, reduce the
information needed by DMs to prevent ignorant decisions related
to lacking information, and decrease the iterations to reach a
preferred solution rapidly [50].

Five phases can be applied according to this method. The first
phase is used to evaluate each objective’s positive and negative
ideal solutions. For each objective, a membership function is
evaluated in the second phase. In the third phase, given the
constraints, the weighted total of the greatest level of satisfaction
of each objective is optimized. By introducing an additional con-
straint in each phase to avoid deterioration of the solutions, the
fourth phase integrates goal programming into the method [51].
In the fifth phase, according to the preferences of DM, the best
solution for each objective is obtained. In brief, the algorithm of
this fuzzy method is described as follows:

Phase 1: Positive ideal solutions (PIS) and negative ideal solu-
tions (NIS) are calculated. By optimizing the problem, considering
only one of the OFs at any time, and ignoring the others, PIS are
obtained. The NIS are then evaluated, as shown in (60).

Z
NIS
1 = Z1

(
x
PIS
2

)
Z
NIS
2 = Z2

(
x
PIS
1

)
(60)

Phase 2: A membership function for each OF is defined by
61)–(62) using the definition of fuzzy sets. According to the
ollowing formula, µk(x) represents the degree of satisfaction of
he kth OF. Note that µ1(x) and µ2(x) are used for minimization.

µ1(x) =

⎧⎪⎪⎨⎪⎪⎩
1 if Z1 < Z

PIS
1

ZPIS
1 − Z1

ZNIS
1 − ZPIS

1
if ZPIS

1 < Z1 < Z
NIS
1

0 if Z1 > Z
NIS
1

(61)

2(x) =

⎧⎪⎪⎨⎪⎪⎩
1 if Z2 < Z

PIS
2

ZPIS
2 − Z2

ZNIS
2 − ZPIS

2
if ZPIS

2 < Z2 < Z
NIS
2

0 if Z2 > Z
NIS
2

(62)

Phase 3: The model is turned into a crisp mixed-integer linear
rogramming (63). The purpose of the model is to optimize a
aximum degree of satisfaction in order to satisfy the constraints

i.e., γ )

axγ
ubject to

k (x) ≥ γ k = 1, 2

ϵ[0, 1] (63)

Nevertheless, the FMOGP is described in equation (64), where
‘wk’’is the weighted coefficient defined by the DM of the kth OF
(
∑

k wk = 1).

Max
∑
k

wkγk

Subject to
µk (x) ≥ γk ∀k

ϵ[0, 1] (64)
K
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Fig. 5. The regions of district 10 in Tehran.

Phase 4: Since solving the model in phase 3 and achieving the
esults (i.e., ZPIS

k ), the following model (i.e., (65)) is resolved by
presenting a new constraint for each ‘‘k’’ in each phase to obtain
the new result (i.e., Znew

k ), which is calculated as follows and
incorporates goal programming with fuzzy set theory (γ new

k ≥

γkorZnew
k ≤ ZPIS

k ).

Max
∑
k

wkγk

Subject to
µk (x) ≥ γk ∀k
γ new

k ≥ γk(orZnew

k ≤ Z
PIS
k ) ∀k

γkϵ[0, 1] (65)

Phase 5: By repeating the previous phase, decide the best ‘‘γ ’’
or ‘‘ZPIS’’ by DMs and produce a trade-off between objectives
functions.

5. Case description

In this section, we present a real case study to evaluate the
validity of the suggested model in practice. We considered Jey-
hoon as a case study, which is one of the populated districts in
Tehran city. As shown in Fig. 5, the Iran ministry of health and
medical education (MoHME) separates this part of the city into
17 blocks; each of them is considered a suspected C-19 cases
region. As shown in Fig. 6, established hospitals are in blocks 1,
2, 3, 7, 10, and 16, and established FTLs are in blocks 4, 5, 6,
and 13 are in the Jeyhoon area. Blocks 6, 8, 11, 12, and 15 are
also considered candidate locations for MTLs, while population,
Geographical location, and population density of each region are
considered as the main factors for locating the candidates.

For this problem, we collected the necessary data from a key
C-19 institution. Also, the three key references we used to obtain
the required data for the case study, these necessary data are
specific local reports, the expertise of field experts, and reliable
records from the hospitals of Tehran. Technical and monetary val-
ues are included in the data. For example, uncertain demand and
the prevalence rate of each region, the number of kits sent to each
13
Fig. 6. Location of the concerned laboratories centers and specialized hospitals.

center, etc., are required. In addition, the expense of C-19TKSN,
including the cost of establishment of MTLs, transportation cost
of kits, kits production cost, purchasing cost of MTLs, operation
cost, etc., are monetary details measured by dollars.

It should be noted that there are pre-established specialized
hospitals and FTLs in the city, but there is no pre-established
MTLs, and we want to locate these MTLs for better access for
people in the regions and reduce the rate of coronavirus outbreak.
In Table 1, the list of regions for hospitals and FTLs has the oppor-
tunity to perform C-19 diagnostic tests in Tehran. The population
and the area of each block (i.e., suspected C-19 cases’ regions) are
shown in Table 1, which are considered as the basis for predicting
the number of suspected C-19 cases to MTLs, FTLs, and specialized
hospitals. The list of hospitals and laboratories’ names in Tehran’s
10th district is given in Table C.2 in Appendix C.

Arrival time (i.e. rth day) the highest number of people for
testing, PCR, RDT, and ELISA with different modes ranging from
0.1 to 5 days, 0.1 to 5, 8.1 to 14, and standard deviation of 0.5 to 5
for each of the test kits, respectively. According to the mode and
standard deviation, the number of false-negative results can be
calculated with the proposed gamma formula. Notably, the data
related to the potential daily demands of suspected C-19 cases’
regions were generated based on the hospitals in the Jeyhoon
area under uniform distribution performance and the range of
[800,200]. For more detail about characteristics of parameters for
stochastic parameter generation refer to Table C.1, in Appendix C.
Costs of transportation are calculated by using fuel cost and
travel time between nodes. Table 2 shows the values of other
parameters extracted from MoHME and related papers.

The above points clearly explain the methodology of gathering
stochastic data. As mentioned earlier, due to possible fluctuations
in some of the network problem parameters (e.g., facility capacity
parameters at different levels of the network, purchase costs
of MTLs, transportation cost, operation cost) over the long-term



S.-M. Hosseini-Motlagh, M.R.G. Samani and P. Farokhnejad Applied Soft Computing 111 (2021) 107696

f
i
t
o
t
ε

5

I
s
o
5
o
1
i
k
s

Table 1
The properties of each suspected C-19 cases’ region.
Suspected C-19 cases’ regions Population Area (km2)

1 21486 0.63
2 23059 1.16
3 11346 0.33
4 13829 0.34
5 20677 0.52
6 40000 0.81
7 16800 0.57
8 19910 0.39
9 20430 0.32
10 20010 0.26
11 20738 0.44
12 14860 0.30
13 13111 0.39
14 18692 0.32
15 16209 0.42
16 7496 0.44
17 18507 0.25
Total 317160 7.89

Table 2
The value of parameters.
Parameters Value Reference

The production price of each PCR kit 10$ https://www.sums.ac.ir
The production price of each ELISA kit 6$ https://www.sums.ac.ir
The production price of each RDT kit 3$ https://behdasht.gov.ir
Cost of setting up MTLs 5000$ https://www.wsj.com
Operating cost 50$ https://www.sums.ac.ir

Table 3
Converting deterministic numbers to fuzzy trapezoidal numbers.
Parameters 4 point calculators

Purchasing costs of MTLs (60%, 90%, 120%, 140%)
transportation cost (80%, 90%, 100%, 110%)
operation cost (60%, 90%, 130%, 140%)
Production kits cost (90%, 95%, 100%, 105%)
Capacity (MTLs) (60%, 90%, 120%, 140%)
Capacity (FTLs) (60%, 80%, 120%, 140%)
Capacity ( specialized hospitals) (60%, 90%, 120%, 140%)

horizon, we need to combine these fluctuations in our solution
methodology. The experts have recommended that the determin-
istic data be converted into fuzzy trapezoidal numbers based on
four-point percentages that are reported in Table 3. As shown
in Table 3, for example, if the crisp estimation of the purchasing
costs of MTLs is 10,000$, its fuzzy parameter would be (6000,
9000, 12,000, 14,000).

For the case study, a scenario fan is containing 170 scenarios
or the random demand parameter (the SPs) is generated accord-
ng to the formula presented in Section 4.1, and the reduction of
he number of scenarios is converted to the ST. Fig. 7 indicates the
btained ST, which contains eight scenarios. It should be noted
hat in implementing the method of making the εrel, we set the
rel = 0.65.

.1. Computational results

We present district 10 of the Jeyhoon for our real case study.
n this paper, the model is solved via the CPLEX using GAMS
oftware, and a PC with Intel Core i7, CPU 2.8 GHz, and 8 GB
f RAM is used for all implementations. According to the results,
MTLs have been established in blocks 6, 8, 11, 12, and 15 for
ptimal supply chain design. Table 4 shows the number of C-
9 kit’s demands (suspects C-19 cases) assigned to each center
n each scenario. Table 5 shows the number of tests with PCR
its, which collects in specialized hospitals consisting of tests in
pecialized hospitals and kits sent from FTLs and MTLs.
14
Fig. 7. The scenario tree of the case study.

As shown in Table 4, the number of C-19 kit’s demands as-
signed to MTLs for RDT testing is higher than FTLs and specialized
hospitals. Because as mentioned before, RDT tests take less time
and its equipment is cheaper. Unlike RDT tests, PCR tests require
more expensive equipment, and the number of suspected C-19
people who take PCR tests in MTLs and FTLs, their samples must
be sent to specialized hospitals. Therefore, according to the above
explanations and Table 5, most of the C-19 kit’s demands have
been assigned to specialized hospitals. On the other hand, due
to the greater and faster availability of ELISA kits, the suggested
model has assigned suspicious people to ELISA kits due to the
lower probability of error of ELISA kits on the desired day and
also the lack of PCR kits.

According to each region’s coverage radius, the allocation of
the region of suspected C-19 cases to MTLs, FTLs, and specialized
hospitals is shown in Fig. 8. Therefore, all regions of suspected
C-19 cases are covered by at least one testing center. We have
considered the transportation costs according to the traveled dis-
tance between nodes (i.e. the cost of transporting people from the
regions of suspected C-19 cases to the MTLs, FTLs, and specialized
hospitals). Therefore, the model allocates the region to the centers
according to the capacity of the desired facility and the cost of
sending the suspected C-19 cases to all facilities. Therefore, it is
possible for the model to allocate the regions of suspected C-19
cases to a center at a farther distance. In conclusion, all testing
centers in the Jeyhoon area are appropriately distributed.

5.1.1. The value of MSSP
Huang and Ahmed [52] represented the relative value of MSSP

(RVMS) in a capacity planning optimization problem with uncer-
tain parameters to analyze the values of TSSP and MSSP in terms
of the objective function. The RVMS formulation is rendered as
follows:

AVMS =
OFTSSP

− OFMSSP

OFTSSP
× 100 (66)

where OFTSSP is the TSSP optimal objective value and OFMSSP

is the MSSP optimal objective value.

https://www.sums.ac.ir
https://www.sums.ac.ir
https://behdasht.gov.ir
https://www.wsj.com
https://www.sums.ac.ir
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Table 4
The number of C-19 kit’s demands assigned to each center for w1 = 0.33, w2 = 0.67, α = 0.9, ϕ = 0.1.
scenarios PCR kits RDT test ELISA kits

MTLs FTLs Hospital MTLs FTLs Hospital MTLs FTLs Hospital

S1 0 0 1860 1124 723 1684 42 679 1331
S2 27 75 1745 840 554 1636 45 744 1060
S3 41 91 1973 611 606 1982 39 615 1355
S4 23 46 2145 678 634 2203 77 776 1316
S5 23 78 2188 586 690 1850 77 718 1261
S6 0 12 2026 777 891 1514 75 709 1194
S7 0 30 1881 738 851 1740 61 729 1194
S8 0 50 2061 800 963 1448 98 613 1305
Fig. 8. Assignment of the region of suspected C-19 cases to (a) MTLs, (b) FTLs, and (c) specializes hospital at rth day.
α

s

We need an additional type of constraint in the MSSP model,
called non-anticipativity constraint that non-anticipativity con-
straint is presented in Section 3.1 but we do not need non-
anticipativity constraint in the TSSP model. Therefore, we want
to first distinguish the MSSP model from the TSSP model. The
comparison between the two models is shown in Figs. 9 and 10.
Assuming there is a stochastic production problem with three
time periods and five scenarios. The squares represent the time
points for primary allocation decisions, while the triangles rep-
resent the time points for possible updates for the allocation
decisions. Fig. 9 shows the TSSP model in which all of the primary
allocation decisions need to be determined at the beginning of
the time horizon t = 1 without having any information of
uncertainty, and the allocation updates can be made after the
realization of uncertainty in the first period. Fig. 10 shows a MSSP
in which the primary allocation decisions can be determined at
the beginning of each time period based on the previous infor-
mation. Clearly, the MSSP model has a larger decision space and
its primary allocation decisions, as well as allocation updates, are
allowed based on the previous realizations and decisions [53].

An important requirement of the non-anticipative decision
process is that the primary allocation decisions taken at any point
do not depend on future realizations of uncertainty, but it is
impacted by the previous realizations of uncertainty as well as
the knowledge of previous decisions. We use Fig. 10 to illustrate
the functionality of a non-anticipativity constraint in the MSSP
model. At the beginning of t = 1, no information is revealed, so
the primary allocation for t = 1 should be identical across all
scenarios. During the first time period, uncertainty is revealed to
be one of the two outcomes. In Fig. 10, scenarios 1, 2, and 3 share
one outcome while scenarios 4 and 5 share the other outcome
15
Table 5
Number of tests with PCR kits in specialized hospitals for w1 = 0.33, w2 = 0.67,

= 0.9, ϕ = 0.1.
Scenarios MTL-hospital FTL-hospital hospital Total

S1 0 0 1860 1860
S2 27 75 1745 1647
S3 41 91 1973 2105
S4 23 46 2145 2214
S5 23 78 2188 2289
S6 0 12 2026 2038
S7 0 30 1881 1911
S8 0 50 2061 2111

at time t = 2. Given the information in the first time period,
the primary allocation decisions should be identical at t = 2 for
= 1, 2, 3 and the same principle applies for s = 4, 5 and t = 2.
According to the above mention, In the TSSP model, we as-

sume the allocation decisions of the regions of suspected C-19
cases to MTLs, FTLs, and specialized hospitals have to be deter-
mined in all periods before uncertainty realization as the first
stage decisions. It should be mentioned that in dynamic TSSP
models, first-stage decisions are made for multiple periods in
many studies. To obtain the TSSP, we relax non-anticipativity
constraints from the stochastic model and enforce decision vari-
ables X′s

mjrt ,X
′′s
mlrt and X′′′s

mhrt allocation decisions of the regions
of suspected C-19 cases to MTLs, FTLs, and specialized hospitals at
each period, to have the identical values in all scenarios by adding
the constraints (67)–(69):

X
′s

mjrt = X
′s′

mjrt ∀m, j, r, t ∈ T (s, s′) ∈ S (67)

X
′′s

= X
′′s′

∀m, l, r, t ∈ T (s, s′) ∈ S (68)
mlrt mlrt
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Fig. 9. A scheme of the TSSP.
Fig. 10. A scheme of the MSSP.
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Table 6
Summary of the results of TSSP and MSSP models for w1 = 0.33, w2 = 0.67,
α = 0.9, ϕ = 0.1.

TSSP MSSP RVMS

OF1 ($) 5.2357E+5 4.7502E+5 9
OF2 88 87 1.1
Number of MTL 5 5 –

X
′′′s

mhrt = X
′′′s′

mhrt ∀m, h, r, t ∈ T (s, s′) ∈ S (69)

Table 6 presents a summary of the optimal values of the TSSP
and MSSP models’ objective functions. The purpose of establish-
ing a MTLs is to reduce the prevalence of C-19 and the risk of false
results; all 5 MTLs have been established in the MSSP model and
have reduced the risk function of false results. In the MSSP model,
updating each stage reduces costs (i.e., transportation cost), and
the objective function related to the expenses has less value than
the TSSP model according to Figs. 11 and 12. Table 6 indicates
that the value of the objective function of the TSSP model is
significantly greater than the MSSP model. Therefore, we can
make meaningful progress by using the MSSP model. In fact, in
TSSP, allocation decisions are related to the first-stage decisions,
and also, these decisions are not flexible about stochastic events
occurring in prior stages.

Table 7 shows the RVMS values for the 4 instances (by chang-
ing the problem instance size) to better demonstrate the perfor-
mance superiority of the MSSP model to TSSP. The RVMS criterion
values reported in Table 7 highlight the importance of applying
MSSP in our problem setting. We can see from the results that the
16
average RVMSOF1 is 8.11%, and by increasing the period count in
problem instances, the value of the RVMSOF1 increases, relatively.

5.1.2. PCCP method analysis
The role of the suggested PCCP method on the C-19KTSN is

examined. Therefore, this model is solved for different values of
confidence level (α) and the parameter of optimistic–pessimistic
(ϕ), then the changes in the objective functions are examined.
he performance of two OFs is estimated, and the values of each
F are optimized and indicated in Table 8. As shown in Table 8,
t can be seen that increasing of α and reducing ϕ have worse
erformance; consequently, the values of objective functions take
ore value. Also, Table 8 displays the gap and computing time of
ach method. Based on the results, PCCP (a) announces the worst
alue of cost and risk of false result objectives, and PCCP(c) has
he best cost and risk of false result objectives of the network.

In this section, we compare the proposed model’s performance
nder the realization. To do so, from the fuzzy range of imprecise
arameters, 30 random data sets are created. The optimal values
f decision variables taken in the MSSP model are integrated into
linear programming model described in the model (70). Hence,
nder each random set for each of the suggested models, model
70) is optimized. As we can see, parameters X∗, Y∗, and P∗ are
optimal values of location, allocation, and suspected C-19 cases
flow decisions obtained in the MSSP model and are described
as an input in this model. Also, S1 is the newest decision vari-
able in this model, reflecting the number of capacity constraint
violations.
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Table 7
Investigation of the RVMS for w1 = 0.33, w2 = 0.67, α = 0.9, ϕ = 0.1.
Instance number /M /, /T / |S| , εrel /H /,/L /,/J / MSSP TSSP RVMS

OF1 ($) OF2 OF1 ($) OF2 RVMSOF1 RVMSOF2
1 /17/,/4/ |9| , 0, 65 /10 /,/4 /,/5/ 3.3929E+5 67 3.5161E+5 69 3.50 2.8
2 /17/,/6/ |8| , 0.65 /10 /,/4 /,/5/ 5.9491E+5 105 6.9136E+5 107 13.95 0.95
3 /10/,/4/ |10| , 0, 65 /5 /,/2/,/2/ 2.2910E+6 47 2.3977E+5 49 4.4 4.08
4 /10/,/6/ |8| , 0, 65 /5 /,/2/,/2/ 3.5338E+5 77 3.9295E+5 78 10.06 1.2
Table 8
The results of the various uncertain model in real data for w1 = 0.33, w2 = 0.67.

Objective functions Gap (%) Time (minutes)

model Parameters OF1 ($) OF2

PCCP(a) α = 1, ϕ = 0 2.6311E+5 91.414 0.00 7:02
PCCP(b) α = 0.75, ϕ = 0.25 2.5098E+5 90.685 0.00 6:57
PCCP(c) α = 0.5, ϕ = 0.5 2.3885E+5 89.956 0.00 6:18
S
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Fig. 11. Optimal costs for the TSSP model.

Furthermore, under model optimization, their values are
achieved for only the first OF, that is, Z′

1 since all the terms are
ixed in the second OF, that is, Z′

2. We would have a same-scaled
easure for evaluating the performance of the suggested model
ecause of the model (70):

in Z
′

1 = C
′

Real.Y
∗
+ δ1S1

Min Z
′

2 = f
′

Real.X
∗

S.T .

X
∗

≤ WReal.Y
∗
+ S1

V.X∗
= 0

H.Y∗
≤ 1

X
∗

≤ M.P∗

G.P∗
≤ 1

S1 ≥ 0. (70)
17
Fig. 12. Optimal costs for the MSSP model.

Note 1. Since the Z′

1 aims to minimize the decision variable
1, the minimum possible values that Cause the equality of the
eft and right-hand sides of these constraints will be their optimal
alues.
Note 2. In some cases, it can also be reasonable to consider the

trategic decisions’ optimum values (e.g., location decisions) as an
nput to the implementation model and optimize other decisions
i.e., the tactical and operational levels).

In the realization stage, three models, each under 30 randomly
enerated data sets, are implemented, whose results are shown
n Table 9. Notably, for each of the proposed models, the average,
tandard deviation (SD), and coefficient of variance (CV) of the
esults are presented in Table 9. The PCCP(c) model outperforms
ther models among the proposed models in terms of the average
easure and, rather, the SD and CV measures in terms of both

irst and second objective function.
As reported earlier, most models are extremely sensitive to

he value of uncertain data such as healthcare systems, the DMs
tilize a PA toward the problem. Therefore, they aim to satisfy
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Table 9
The performance of the proposed models under realization for w1 = 0.33, w2 = 0.67.
Model Parameters OF1 ($) OF2

Average SD CV(SD/average) Average SD CV(SD/average)

PCCP(a) α = 1, ϕ = 0 3.597016E+7 8.11E+5 0.02255 89.818 3.48 0.03867
PCCP(b) α = 0.75, ϕ = 0.25 3.081596E+7 8.10E+5 0.02629 89.650 3.45 0.03823
PCCP(c) α = 0.5, ϕ = 0.5 2.472947E+7 1.21E+5 0.04921 57.506 1.59 0.02764
Deterministic – 6.472267E+9 3.25E+7 0.00502 87.77 2.46 0.02802
the possibility constraints with a logically high chance that in-
dicates an orientation toward the Nes measure. Consequently, if
he proposed fuzzy models (i.e. PCCP models) are ignored and
he deterministic model simply resolved under deterministic pa-
ameters, the deterministic model should be solved by the most
essimistic values of uncertain parameters, which is exactly the
ame as solving the PCCP (a) model.
As the DMs are only sensitive to the deviation of the values

f the objective function over the expected optimal values and
CCP (c) has the best performance among various versions of
he PCCP model, it is suggested to be using PCCP (c) to deal
ith the problem under investigation. In general, to choose the
ost suitable version of the PCCP models, some parameters, such
s the nature of the problem concerned and DM’s expectations,
hould be considered. However, as mentioned earlier, the most
uitable approach for the problem concerned is the PCCP (c).
oreover, Table 9 represents the superiority of PCCP (c) over
ther presented models in terms of the first objective function.
PCCP (c) is clearly superior to the other two models. The

esults of the PCCP (c) are compared with the other models using
t-test to confirm that the results differ significantly from those
f the other models. Performing a t-test at a significance level of
% (i.e., α = 0.05), the results indicate that the average of ob-

jective functions value obtained by the PCCP (c) has a significant
difference from the average objective functions values of other
models at a confidence level of 95%.

5.1.3. FMOGP analysis
In this part, FMOGP is prepared for solving our suggested

-19TKSN. Fig. 13 displays the FMOGP algorithm’s convergence
urve. As shown, the maximal γ does not change after two
terations and is equal to 1. Table 10 also displays various exam-
les of the weighted coefficients of the first OF. If the weighted
oefficient of the second OF (ω2) takes more value, the total
ost increment. In fact, when the weighted coefficient of the
econd OF takes more value, more MTLs would be purchased in
decentralized manner to reduce the risk of false results in any
cenario. It is occurred due to minimizing the risk of false results.
The examination of the weighted coefficients result of various

bjectives gives DMs insight into making a preferred tradeoff
etween the aforementioned objectives according to case-specific
urposes.

able 10
arious examples of the weighted coefficients of objective functions.
Coefficients OF1 ($) Gap (%) Time (minutes)

w1 = 0, w2 = 1 3.1870E+6 0 5:54
w1 = 0.1, w2 = 0.9 5.7843E+5 0 6:55
w1 = 0.2, w2 = O.8 5.2430E+5 0 6:46
w1 = 0.3, w2 = 0.7 4.7437E+5 0 6:36
w1 = 0.4, w2 = 0.6 4.5863E+5 0 6:42
w1 = 0.5, w2 = 0.5 4.3247E+5 0 6:41
w1 = 0.6, w2 = 0.4 4.1800E+5 0 6:36
w1 = 0.7, w2 = 0.3 4.3780E+5 0 6:35
w1 = 0.8, w2 = 0.2 4.3483E+5 0 6:30
w1 = 0.9, w2 = 0.1 4.2520E+5 0 6:45
w1 = 1, w2 = 0 4.0834E+5 0 5:55
18
5.1.4. Estimate the amount of false-negative error
In this section, we compare several different instances by

changing the standard deviation and mode to show what changes
occur in the allocation process in each scenario and the value of
the objective function. As mentioned in Section 5, the Mode range
(i.e., the maximum number of people who test on day r) of each
kit is 0.1 to 5 days, 0.1 to 8, 8.1 to 14, respectively, as well as the
standard deviation (dispersion Data from the average), is in the
range of 0.5 to 5. By changing the standard deviation and mode,
we reach different results. According to the Gamma formula, the
formula of shape and rate parameters in Eq. (1)–(3) in Section 3.1,
we estimate the number of false results C-19 test. In Table 11,
different instances for mode and standard deviation of PCR, RDT,
ELISA kits are presented.

A comparison between the number of PCR, RDT, and ELISA
kits assigned to suspected C-19 cases with increasing mode and
standard deviation of each kit is shown in Figs. 14–16. According
to Fig. 14, increasing the standard deviation of PCR kits leads to an
increase in the coefficient of sensitivity error (i.e., increasing the
number of false-negative results), so the number of false results
increases. Performance of RDT kits by increasing in standard
deviation is similar to PCR kits, According to Fig. 15. On the other
hand, as the mode of the PCR and RDT kits converges to the end of
the specified range, the coefficient of sensitivity error decreases,
and as a result, the number of false results decreases. In fact, false
negatives will be minimized if all suspected C-19 cases go to test
centers and test by PCR and RDT kits on the 4th and 5th day with
less dispersion; Because the disease is at its peak on the 4th and
5th day and then improves, and the probability of the absence of
the virus in the patient’s test sample is much lower than on other
days.

According to Fig. 16, increasing the standard deviation of ELISA
kits leads to a decrease in the coefficient of sensitivity error, so
the number of false-negative results decreases. The difference
with other C-19 test kits is that the ELISA kit is not performed
to diagnose C-19 disease, although the kit shows whether the
individual got the virus or not. For this reason, we have max-
imized the sensitivity error of the Elisa kit in the first 7 days
so that suspected C-19 cases will not be assigned to this kit in
the first seven days. Therefore, the sensitivity error is decreased
by increasing the standard deviation. Also, false-negative results
are reduced by increasing the mode of Elisa kits is similar to the
standard deviation of ELISA kits. For example, if a suspected C-19
case is tested with Elisa kit on the 14th day, it would have less
error than if they are tested with the same kit on day 8.

Table 11
The instance for mode and standard deviation of different C-19 kits.
Test instances PCR RDT ELISA

Instance 1 M = 2 σ = 1.1 M = 2 σ = 1.35 M = 9 σ = 3.1
instance 2 M = 2 σ = 2 M = 2 σ = 1.35 M = 9 σ = 3.1
instance 3 M = 4 σ = 1.1 M = 2 σ = 1.35 M = 9 σ = 3.1
instance 4 M = 2 σ = 1.1 M = 2 σ = 2.5 M = 9 σ = 3.1
instance 5 M = 2 σ = 1.1 M = 5 σ = 1.35 M = 9 σ = 3.1
instance 6 M = 2 σ = 1.1 M = 2 σ = 1.35 M = 9 σ = 4
instance 7 M = 2 σ = 1.1 M = 2 σ = 1.35 M = 14 σ = 3.1
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Fig. 13. The FMOGP algorithm Convergence curve.

Fig. 14. Comparison of the number of PCR kits allocated to suspected C-19 cases.

Fig. 15. Comparison of the number of RDT kits allocated to suspected c-19 cases.

Fig. 16. Comparison of the number of EISA kits allocated to suspected C-19 cases.

19



S.-M. Hosseini-Motlagh, M.R.G. Samani and P. Farokhnejad Applied Soft Computing 111 (2021) 107696

i
c
w
F
s
t
O
i
v
t
s

a
s
c
a
p
p
p
c
v
t

5

a
s
i
o
i
r
c

d
t
t
t
r
P
d
N
a
i

Table 12
Sensitivity analysis of the potential demand.
Parameter values OF1 ($) OF2

0.95 4.1854E+5 83.108
0.97 4.4600E+5 84.858
1 4.7502E+5 87.482
1.03 4.9282E+5 90.107
1.05 5.1713E+5 91.857

Note: If the sensitivity coefficient error increases and we do
not have a limit on the number of production kits, the model
assigns suspicious cases to the rest of the kits and may even show
a lower total error result but in some countries, the production
capacity of the C-19 kits is limited. For this reason, by changing
the standard deviation and mode, the model has to assign the
suspected C-19 cases to the kit with a high sensitivity coefficient
error, thus increasing the number of false-negative results.

5.1.5. Sensitivity analysis
The primary trigger for designing and constructing a network

s potential demand. Indeed, a smaller number of existing testing
enters will be adequate for the lower levels of demand, while a
ider network could be established to meet the high demands.
igs. 17 and 18 display the findings obtained from conducting
ensitivity analysis on potential demand parameters. If the size of
he demand rises, more facilities can be opened and rising costs.
bviously, the amount of false results is also rising with increas-
ng demand. As can be seen, in Figs. 17 and 18, the equilibrium
alue of both OFs will concurrently increase as demand for taking
he C-19 tests increases. The optimal values of the first OF and
econd OF are reported in Table 12.

Among the essential parameters whose sensitivity analyses
re inevitable are also the opening costs of MTLs. The results of
ensitivity tests conducted on the establishment costs of health-
are facilities are achieved in Fig. 19. As can be seen, more MTLs
re opened when the model is resolved under the minimum
urchasing rate. On the other hand, the total number of MTLs
urchased at C-19TKSN is marginally diminished by the rise in
urchasing costs. Also, since the model does not have any budget
onstraints, even when it is solved under a reasonably high-cost
alue, the model can remain feasible, but the optimal values of
he minimum satisfaction levels are gradually reduced.

.1.6. Key findings
In designing C-19TKSN under uncertainty, the MSSP model has

significant preference over the TSSP model in the sense that if a
upply chain takes its decisions considering a MSSP model, then
t has more flexibility in terms of changing its decisions based
n various uncertain events in every period. Hence, the results
ndicate that the performance of the MSSP model is remarkably
educed in comparison with the TSSP model regarding the total
ost of the supply network and the false results test.
Also, the mode and standard deviation of each C-19 kit show

ifferent results based on the time of onset of symptoms. Due to
his, increasing the standard deviation of PCR and RDT kits leads
o an increase in the coefficient of sensitivity error (i.e., increasing
he number of false-negative results), so the number of false
esults tests increases. On the other hand, as the mode of the
CR and RDT kits increases, the coefficient of sensitivity error
ecreases, and as a result, the number of false results decreases.
evertheless, in ELISA kits, it is slightly different from the PCR
nd RDT kits. In ELISA kits, the sensitivity error decreases with
ncreasing standard deviation and leads to reduce the number of
20
false-negative results. Also, increasing the mode of Elisa Kit due
to similar standard deviation reduces false-negative results.

6. Conclusions

In this paper, a MSSP method by using non-anticipatively
constraints was suggested for designing a C-19TKCN under un-
certainty. Moreover, a MC simulation approach was utilized for
achieving a fan of scenarios. By utilizing a forward scenario reduc-
tion method, the number of these scenarios were then reduced
to construct a proper ST for the SPs. This network consists of
suspected C-19 cases, kit manufacturers’ centers, FTLs, MTLs, and
specialized hospitals.

As mentioned earlier, three methods are available for testing
C-19 (i.e., molecular tests, diagnostic tests, and antibody tests),
which vary in cost and efficiency. To reduce referrals and reduce
congestion in test centers, which can lead to a high prevalence
of the C-19 disease, MTLs are provided in some areas to improve
access for people and reduce the movement and transportation
of people among areas and reduce the prevalence of the C-19
disease. In this paper, we take the optimal strategy to select
the appropriate kits based on the time of symptoms of people
onset. To this end, this paper aims to reduce false results of C-
19 kits by considering proper planning, which incorporates the
fundamental characteristics of diagnostic C-19 tests (i.e., speci-
ficity and sensitivity). In the sensitivity characteristic, a gamma
formula is presented to estimate the error rate of false-negative
results in Section 3.1, and in the specificity characteristic, we
consider the error of the kits as the error rate of false-positive
results. Moreover, this study aims to minimize the total network
cost and decrease false results through specificity and sensitivity
characteristics. The fuzzy approach (PCCP model) is used to cope
with the EU of input data, based on Me measure. Finally, the
FMOGP was employed to solve the multi-objective model.

This paper investigates the issues raised during the C-19 out-
break and considers a real case of Iran to deal with risks, such
as errors in the testing result (i.e., false results). In addition, a
set of sensitivity analyses are performed. Our proposed C-19TKSN
is applicable for an epidemic situation like the C-19 epidemic.
It suggests the governments simultaneously coordinate location,
distribution, and demand of C-19 test kits fulfillment decisions.

The application of the C-19TKSN results in the following man-
agerial insights:

1. The nature of the C-19TKSN problem is dynamic over time
due to difficult predictions and changes in the number of
C-19 patients. The potential demands relating to different
regions of the suspected C-19 cases for various C-19 test
kits are stochastic. Besides, the rate of prevalence of C-19
is uncertain and quite challenging to be predicted. To do
this, the DMs of the C-19TKSN can benefit from using the
MSSP model.

2. Using the gamma formula introduced in Section 3.1 and
the error of the kits, DMs can adjust the best strategy for
allocating kits to suspect C-19 cases with the lowest cost
and least false test results.

3. Considering the MTLs for C-19 testing centers is useful from
several points of view:

• This feature causes suitable dispersion for C-19 test-
ing centers. Thus, it reduces referrals and congestion
in test centers, which causes a decrease in the rate of
C-19 prevalence.

• The purpose of establishing a MTLs is to reduce the
prevalence of C-19 and the risk of false results; all 5
MTLs have been established in the MSSP model and
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Fig. 17. The effect of changes in the potential demands of suspected C-19 cases’ regions on the second OF.
Fig. 18. The effect of changes in the potential demands of suspected C-19 cases’ regions on the first OF.
Fig. 19. The required number of MTLs by changing the purchasing MTLs cost.
have reduced the risk function of false results. In the
MSSP model, updating each stage reduces costs like
transportation, and thus the cost objective gets less
value compared to the TSSP model.

• This feature performs the opened centers to disperse
all over the region for covering more suspected C-19
cases. It leads to taking the C-19 test from different
regions of suspected C-19 cases.

• Governments are able to manage the supply chain
better by being informed of the potential services that
would be necessary to serve the related centers.

6.1. Limitations and future studies

In this paper, we used gamma distribution based on the time
etween the emergence of their first symptoms and the time they
re tested, so various C-19 test kits are allocated to the suspected
21
C-19 cases with the best result and the lowest cost. This study
is subject to several limitations. The suggested model can use
various C-19 distributions in future studies such as:

• using gamma distribution based on the time between their
first contact and the time they are tested

• using lognormal distribution based on the time between
their first contact and the time they are hospitalized

• using lognormal distribution based on the time between the
emergence of their first symptoms and the time they are
hospitalized

• using lognormal distribution based on the time between
their first contact and the time they are isolated

• using lognormal distribution based on the time between the
emergence of their first symptoms and the time they are
isolated
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We suggest other research ways like using the weighted distance
between the regions of suspected C-19 cases and testing centers
and considering response time for C-19 test results.
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Appendix A

The compact forms of the TSSP model for designing a C-
19TKSN IS formulated as follows:

MinE[Z] =

∑
t

C
′.Yt + πs

∑
s

b.Xts

ubject to∑
s

Xts ≤ W.Yt ∀t

.Xts ≥ dts ∀s, t

.Xts = 0 ∀s, t
.Yt ≤ 1 ∀t

ts ≤ M.Pts ∀s, t

ts = Pts′ ∀t ∈ T (s, s′) ∈ S

ts, Yt ∈ {0, 1} ,Xts ≥ 0, (A.1)

ppendix B

tructural properties of the proposed model
odel of section 3.5
In this paper, a mixed-integer linear programming model is

eveloped to design C-19TKSN. The proposed network comprises
f the regions of suspected C-19 cases, kit manufacturers’ centers,
TLs, MTLs, and specialized hospitals. The first OF, Eq. (7) wants
o minimize the costs of the network consists of purchasing cost
f MTLs (

∑
j

(
CFj∗N

)
), moving costs of each MTL (

∑
j′j′′t (Xj′j′′t ∗

Cj′j′′ )), the different kits transportation costs from manufacturers
to MTLs (

∑
pjkts Ps∗Y

′s
pjkt ∗ Trc′

pj+), FTLs (
∑

plkts Ps∗Y
′′s
plkt ∗ Trc′′

pl)
and specialized hospital (

∑
phkts Ps∗Y

′′′s
phkt∗Trc

′′′

ph), PCR kits trans-
portation costs from MTLs (

∑
jhts Ps ∗ F′s

jht ∗ FO′

jh) and, FTLs
(
∑

lhts Ps∗F
′′s
lht ∗ FO′′

lh) to hospitals, production costs of test kits
which sent from manufacturers to MTLs (

∑
pjtks Ps∗PCk∗Y

′s
pjkt ),

FTLs (
∑

pltks Ps∗PCk ∗ Y′′s
plkt ), and specialized hospital (

∑
phtks Ps ∗

PCk∗Y
′′′s

phkt ), and finally operating costs in MTLs ((|T |) ∗
∑

J OCj),
FTLs ((|T |) ∗

∑
l OC

′

l), and specialized hospitals ((|T |) ∗
∑

h OC
′′

h),
according to the possibility of different scenarios.

The second OF, Eq. (8), minimizes the risk of testing false
results by allocating proper test kits. To apply the fundamental
characteristics of diagnostic tests for C-19 disease (i.e., sensitivity,
specificity), we divide the suspected C-19 cases into two groups
of infected and uninfected based on the prevalence rate. In the
1st(

∑
mjkrts Ps ∗ ((1 − ηrk) ∗ Ps

mjkrt ∗ prevs
mt )), 2nd(

∑
mlkrts Ps ∗

( 1 − η ∗ P′s
∗ prevs )), and 3rd (

∑
P ∗ ( 1 − η ∗
( rk) mlkrt mt mhkrts s ( rk)

22
P′′s
mhkrt ∗ prevs

mt )) terms, by considering the infected C-19 cases
who are testing (P′s

mlkrt ∗ prevs
m) and also the sensitivity coef-

ficient (ηrk), the false-negative results have been reduced. The
sensitivity coefficient (ηrk) is calculated according to the gamma
formula in Section 3.1. Also, in the 4th (

∑
mjkrts Ps∗(Bk ∗ Ps

mjkrt ∗

(1−prevs
mt ))), 5th (

∑
mlkrts Ps∗(Bk∗P

′s
mlkrt∗(1−prevs

mt ))), and 6th
(
∑

mhkrts Ps ∗ (Bk ∗ P′′s
mhkrt ∗ (1 − prevs

m))) terms, by considering
the uninfected cases who test (Ps

mjkrt ∗ (1 − prevs
mt )) and also

the specificity coefficient (Bk), the false-positive results have been
reduced. Specificity coefficient ((Bk)) is calculated according to
the failure percentage of each kit.

We assume m regions in the selected area, and we also assume
infected and uninfected C-19 diseases of each region as suspected
C-19 cases. The model aims to determine the optimal number
of suspected C-19 cases of each region and assign them to the
MTLs, FTLs, and specialized hospitals efficiently. Also, assign of
the kits to suspected C-19 cases is based on minimizing the risk
of allocating kits and minimizing cost.

Besides the assumption, the demand of various C-19 test kits
(i.e., the total of the suspected C-19 cases) should be satisfied,
which is shown by constraint (9). In other words, this con-
straint indicates that the total number of suspected C-19 cases
go to MTLs, FTLs, and specialized hospitals for performing various
C-19 test kits is equal to the total number of the suspected C-
19 cases. Thus, the total number of various C-19 kits sent to
MTLs, FTLs, and specialized hospitals should be greater than the
number of suspected C-19 cases tested in MTLs, FTLs, and special-
ized hospitals, which this fact is shown by constraints (10)–(12),
respectively.

It is obvious that the suspected C-19 cases can be assigned
to open FTLs, MTLs, or specialized hospitals, which are shown
by constraints (13)–(15), respectively. All the selected regions of
suspected C-19 cases on the rth day can refer to one FTL or MTL
or specialized hospitals which is shown by constraint (16).

In this study, three methods are available for the C-19 test;
each kit has a maximum production capacity. Therefore, the num-
ber of various kits cannot be more than the maximum production
capacity, which is indicated by constraint (17).

As mentioned earlier, three methods are available for testing
C-19, which are different in cost and efficiency. Due to the high
cost of PCR testing equipment, the required equipment for the
PCR test is only provided in specialized hospitals. For this rea-
son, PCR kits that are used in MTLs and FTLs should be sent to
specialized hospitals. Thus, constraints (18) and (19) ensure that
the number of PCR kits tested in MTLs, FTLs is equal to the used
PCR kits which sent to the specialized hospital. Also, the input
flow to a center should be lower than the capacity of that center,
which this fact is indicated by constraints (20)–(22) for MTLs,
FTLs and, specialized hospitals. The number of various C-19 kits
sent to MTLs, FTLs does not exceed the maximum capacity of
FTLs and also the sum of the number of various C-19 kits sent
to specialized hospitals and the number of PCR kits sent to the
specialized hospital for testing from MTLs, FTLs does not exceed
the maximum capacity of specialized hospitals.

In order to reduce referrals and reduce congestion in test
centers, which can lead to a high prevalence of the C-19 dis-
ease, MTLs are provided in some areas to improve access for
people and reduce the movement and transportation of people
among areas and reduce the prevalence of the C-19 disease.
Therefore, constraints (23) and (24) indicate that only one MTL
can be transferred to another candidate region of C-19 suspected
cases in each period. Relocation of a MTL is possible in two
consecutive periods only if it was in the previous location in
the previous period, which was indicated by constraint (25).
The number of required MTLs In each period is expressed by
constraints (26).
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Table C.1
Characteristics of parameters for stochastic parameter generation.
Symbol Value

d
′

mt ∀m, t U[800,1200]
δm ∀m U[

√
2,

√
2 + 0.5]

σ (εN
m) ∀m U[0.13,0.18]

prev
′

mt ∀m,t U[0.001,0.008]
δ

′

m ∀m U[1, 1 +
√
2]

σ (εN
m) ∀m U[0.1,0.12]

Table C.2
The list of hospitals and laboratories names in Tehran’s 10th district.
Number The region of

suspected C-19 cases
Specialized hospitals/
FTLs name

1 1 Azadi Hospital
2 1 Yadegar Clinic
3 1 Maymanat Hospital
4 2 Shahriar Hospital
5 2 Eghbal Hospital
6 2 Lolagar Hospital
7 3 Babak Hospital
8 7 Hekmat Clinic
9 10 Shahidfahmideh

Hospital
10 16 Ziaeian Hospital
11 4 Jeyhoon Laboratory
12 6 Borhan Laboratory
13 5 Ghasr Laboratory
14 13 Bina Laboratory

Appendix C

See Tables C.1 and C.2.
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