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Abstract

COVID-19 is a highly prevalent disease that has led to numerous predicaments for healthcare
systems worldwide. Owing to the significant influx of patients and limited resources of
health services, there have been several limitations associated with patients’ hospitalization.
These limitations can cause an increment in the COVID-19-related mortality due to the lack
of appropriate medical services. They can also elevate the risk of infection in the rest of
the population. The present study aims to investigate a two-phase approach to designing
a supply chain network for hospitalizing patients in the existing and temporary hospitals,
efficiently distributing medications and medical items needed by patients, and managing
the waste created in hospitals. Since the number of future patients is uncertain, in the first
phase, trained Artificial Neural Networks with historical data forecast the number of patients
in future periods and generate scenarios. Through the use of the K-Means method, these
scenarios are reduced. In the second phase, a multi-objective, multi-period, data-driven two-
stage stochastic programming is developed using the acquired scenarios in the previous phase
concerning the uncertainty and disruption in facilities. The objectives of the proposed model
include maximizing the minimum allocation-to-demand ratio, minimizing the total risk of
disease spread, and minimizing the total transportation time. Furthermore, a real case study
is investigated in Tehran, the capital of Iran. The results showed that the areas with the
highest population density and no facilities near them have been selected for the location
of temporary facilities. Among temporary facilities, temporary hospitals can allocate up to
2.6% of the total demand, which puts pressure on the existing hospitals to be removed.
Furthermore, the results indicated that the allocation-to-demand ratio can remain at an ideal
level when disruptions occur by considering temporary facilities. Our analyses focus on: (1)
Examining demand forecasting error and generated scenarios in the first phase, (2) exploring
the impact of demand parameters on the allocation-to-demand ratio, total time and total risk,
(3) investigating the strategy of utilizing temporary hospitals to address sudden changes in
demand, (4) evaluating the effect of disruption to facilities on the supply chain network.
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1 Introduction

The World Health Organization (WHO) reports that the pandemic of COVID-19 has affected
over 200 countries across the globe, with over 219 million people infected and 4.5 million
people dead (WHO, 2021). The particularly high number of patients in this unprecedented
experience necessitates proper resource management and an effective supply chain network
(SCN) (Sharma et al., 2020; Eshkiti, Bozorgi-Amiri, and Sabouhi 2022). The leading impli-
cations triggered by this pandemic are the lack of hospital beds, insufficient medical supplies
required for patients and the healthcare system, and waste management in hospitals, which
has caused global complications (Rowan & Laffey, 2020; Sun et al., 2021). As a result, quick
responses and solutions are vital to respond to these challenges.

As COVID-19 cases continue to rise, one of the major worries is the inadequacy of the
medical infrastructure to fulfill patients’ needs, particularly in the case of hospital beds and
ICU beds; the lack of these facilities can lead to a dramatically high mortality rate associated
with the disease (Choi, 2021; Volpato et al., 2020). This issue is considered a crisis even in
some developed countries with competent healthcare systems (Gatto et al., 2020; Patel et al.,
2020). Additionally, COVID-19 patients in hospitals have occupied hospital beds, reducing
the capacity of hospitals, as a result of which patients suffering from other diseases cannot
be hospitalized. The lack of empty hospital beds also exposes non-COVID-19 patients to the
infection because they are more vulnerable to the virus. Moreover, as the number of patients
increases, the health workers, who have the most contact with COVID-19 patients, are more
likely to become infected with the virus. The absence of health workers due to being sick
decreases the service capacity of many sectors, such as hospitals.

Prior to the COVID-19 epidemic, medicine shortages were a severe concern. However, the
increased demand for certain medications and government restrictions implemented in some
cases as a result of the pandemic aggravated the problem. Due to the pandemic, an increase in
demand for medications and medical equipment is inevitable. Hence, paying extra attention
to the supply of medical equipment and the medications needed by patients is of particular
necessity (Goodarzian et al., 2021a, b; Shuman et al., 2020).

Along with the aforementioned factors, another issue that is equally crucial is the proper
handling of infectious medical waste (IMW) within hospital. During the COVID-19 outbreak,
various types of medical and hazardous waste were generated, such as infected protective
equipment like masks and gloves (Sharma et al., 2020). Handling IMW is a critical part of
managing a infectious disease as inappropriate collection and mismanagement of these wastes
can exacerbate the spread of the infection and put patients and the healthcare system under a
great deal of pressure (Kargar et al., 2020a). Earlier studies have demonstrated that one of the
primary ways hospital staff are infected with diseases is the unwanted contact with infectious
waste at the point of generation of the IMW. A hospital in a developed country, such as the
US or the UK, has a legal duty to prevent infections caused by improper handling of IMW
(WHO, 2014). As a result, the disposal and safe processing of IMW is a critical component
of an efficient emergency response. Adequate healthcare waste management encompasses
suitable procedures for collecting, segregating, storing, transporting, treating, and disposing
of waste. For this reason, given the high risks of IMW, which can infect people and impair
other actions for controlling the pandemic to, governments declare IMW management as
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necessary and of high priority (UNEP, 2020). Thus, considering an integrated approach to
allocating patients to hospitals, supplying their medicinal items, and managing hospital waste
is of particular importance (Goodarzian et al., 2021a).

The main challenges faced in the management of this pandemic are the uncertainty over the
number of patients and disruptions in the capacity of facilities due to this uncertainty which
is believed to be a burden regarding patients’ hospitalization, medical items distribution, and
waste management (Koffman et al., 2020).

Disruption in the capacity of facilities could have various justifications, including the
followings:

e Owing to the consequences of the COVID-19 pandemic concerning the SC of personal
protective equipment (PPE) and surges in the number of patients requiring hospitalization,
many healthcare professionals are dying in hospitals, and physicians have become infected
with this virus because of the lack of PPE, causing hospitals to have reduced their capacity
(Yoshida et al., 2020).

e As a result of the infection of people working in waste treatment and disposal facilities
resulting from close contact with waste infected with the COVID-19 virus, as well as a
significant rise in the volume of generated waste (such as PPEs and masks, for example,
which are disposable), waste management facilities have faced a reduction in capacity
(Teymourian et al., 2021).

e The disruption in PPE supply exacerbated by the healthcare crisis caused by a demand
shock, the government’s failure to manage and distribute domestic supplies, and significant
interruptions to PPE’s worldwide SC (Cohen & Rodgers, 2020).

Numerous approaches exist to manage the uncertainty in an optimization problem
(Sadrabadi et al. 2023). The method of stochastic programming has been frequently employed
to tackle an optimization problem with uncertainty. When coping with uncertainty via the
stochastic method a set of scenarios must be created to resemble the uncertain parame-
ters. These created scenarios ought to correspond to possible occurrences of the uncertain
parameters and their dependent probabilities (Desi—Nezhad, Sabouhi, and Sadrabadi 2022).
Machine Learning (ML) is one of the most widely utilized approaches to forecasting time
series and has been proposed as an alternative statistical time series forecasting method.
ML forecasting is one of the most effective approaches to capturing patterns in the sequence
data, forecasting time series analysis, and obtaining scenarios for planning (Makridakis et al.,
2018).

To respond to the pandemic of COVID-19, temporary facilities (for example temporary
hospitals), the distribution of relief items and medicines, and waste management must be
consideration. Thus, in this paper, a hybrid approach was proposed. In the first phase, by
training number of Artificial Neural Networks (ANN), the number of patients in future
periods and disruption scenarios were forecasted. Subsequently, using the K-Means method,
these obtained scenarios were reduced. In the second phase, a data-driven two-stage stochastic
model was proposed. In this model, given the fact that several hospitals in many countries
mostly function based on their maximum patient’s capacity, locating temporary hospitals
to allocate patients were also considered. Furthermore, the proposed mathematical model
considers the distribution of the required medications to hospitals by locating distribution
centers. Due to the significant amount of IMW produced in hospitals and their high risk of
disease transmission, waste management was also considered in the model by taking into
account the existing waste disposal centers and setting up temporary disposal centers along
with temporary transfer centers.
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The following sections of the article are organized as such: In Sect. 2, an overview of
the literature on the subject is presented. The two-phase approach to supply chain network
design (SCND) is presented in Sect. 3. Sect. 4 presents the computational results of the case
study. Sect. 5 discusses the findings and managerial insights. Finally, Sect. 6 concludes the

paper.

2 Literature review

Within this section of the article, the papers conducted in the four following areas are
reviewed: models for forecasting the number of COVID-19 patients, data-driven optimization
and scenario generation and reduction in SCND, supply chain networks for resource allo-
cation and distribution during COVID-19 outbreak, and medical waste management during
COVID-19 outbreak. Afterward, research gaps are presented.

2.1 Models for forecasting the number of COVID-19 patients

Due to the significant number of individuals affected by COVID-19 and the elevated rate of
fatalities, one of the utmost important tasks is to make highly accurate forecasts regarding the
number of patients. An accurate prediction can contribute to revealing the surge in demands;
as aresult, governments will be able to take preventive actions more efficiently (Abbasimehr &
Paki, 2021). ML models and ANN have been widely used to forecast the number of confirmed
COVID-19 patients and have shown good performance in this regard. (Kirbas et al., 2020),
employing Nonlinear Autoregression Neural Network (NARNN) model, Auto-Regressive
Integrated Moving Average (ARIMA) approach, and Long-Short Term Memory (LSTM)
model, predicted the number of confirmed COVID-19 cases in various countries. They found
that the LSTM model has the greatest performance among the other approaches. Considering
Polynomial Regression and hyperparameter optimization while using the Gaussian process
regression, (Dhamodharavadhani & Rathipriya, 2021) estimated the mortality rate of COVID-
19 in India. (Wang et al., 2020) trained an LSTM model on the data of daily confirmed cases
by Johns Hopkins University to forecast 150 consecutive days in Russia, Peru, and Iran.
Other researchers have published similar articles in this regard, such as (Abbasimehr &
Paki, 2021; Arora et al., 2020; Melin et al., 2020; Shahid et al., 2020). In addition to using
ML methods for forecasting the cases of COVID-19, other models, such as SEIR, have been
utilized to estimate the epidemiological parameters of COVID-19, and the obtained predicted
parameters are utilized to forecast future cases (Godio et al., 2020; Gopal et al., 2021; Kumar
et al., 2021; Malik et al., 2021; Zhan et al., 2021).

2.2 Data-driven optimization, scenario generation and reduction in supply chain
network design

Primary efforts in data-driven supply chains focus on Robust optimization and ML tech-
niques for identifying the uncertainty sets. Using Support vector clustering for obtaining the
uncertainty set for uncertain parameters, a data-driven model that systemically designs and
optimizes the supply chain of biodiesel production from the wastewater sludge by (Mohseni &
Pishvaee, 2020). In a similar approach, (K. M. Gumte et al., 2021a, 2021b) used a neuro-fuzzy
clustering mechanism for clustering the uncertain space to identify the optimal uncertainty
regions. After clustering, by calculating the local density of points, creating the boundary
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of the acquired cluster, generating a hypercube with the use of the minimum and maximum
boundaries of each dimension of the cluster, and employing the Sobol sampling approach,
they calculated the new uncertain dataset used for the worst- and best-case scenarios in their
proposed Robust optimization. Similarly, (K. Gumte et al., 2021a, 2021b) used neuro-fuzzy
C-means clustering for obtaining the uncertainty sets.

In the problems of SCND considering uncertainty, the stochastic programming approach
has been frequently employed to tackle an optimization problem under uncertainty. Stochastic
parameters are usually represented by discrete scenarios with known probabilities. Research
studies have allocated significant efforts to creating effective scenarios in stochastic program-
ming. (Govindan & Fattahi, 2017) used the Latin Hypercube Sampling method for scenario
generation and the backward scenario reduction method for decreasing the scenarios’ num-
ber. In order to make decisions about expanding a food company, according to the available
historical data and considering market intelligence, business sense, and the intuition of the
management, (Aras & Bilge, 2018) considered different scenarios for demand. In another
study, through Cholesky’s factorization method for generating the scenarios and by decreas-
ing the number of generated scenarios with the K-Means algorithm, (Khatami et al., 2015)
proposed a closed-loop SCND with uncertainty in return and demand. In this regard, (Snoeck
et al., 2019), using the Monte Carlo method, generated scenarios for parameters of selling
price, demand, transportation costs, and feedstock price to assess the value of investments
in mitigation and the costs of disruptions in the chemical supply chain. Similarly, (Gholami-
Zanjani et al., 2021) utilized the Monte Carlo method for generating the demand scenarios for
aresilient food SCND. Afterwards, they used Fuzzy Bezdek Clustering method for reducing
the number of generated scenarios. In a similar context, to generate scenarios related to oper-
ating costs and environmental impacts parameters, (Feit6-Cesp6n et al., 2021) used a Fuzzy
Inference System methodology. Subsequently, using the obtained scenarios, they proposed
areverse SCND in the context of the plastic recycling process.

2.3 Supply chain networks for resource allocation and distribution during COVID-19
outbreak

Because of the severe damage wrought by COVID-19, the demand for resources has risen
dramatically, and the need to optimize resource allocation and distribution of relief items
and medicines has become increasingly important (Jordan et al., 2021; Yaqoubi et al., 2022).
Because transfusing plasma from severe COVID-19 cases can reduce the effects of the disease
on new patients, (Shirazi et al., 2021) developed a bi-objective stochastic optimization-
simulation model for the plasma supply chain during the COVID-19 pandemic. By simulating
the quantity of plasma demand, they developed a supply chain to find the location of blood
collection centers, locate temporary plasma processing centers, allocate them beside the
existing process centers to collection centers, and allocate facilities to the hospitals. Other
respiratory diseases, such as the flu, could put extra pressure on the health services during
the COVID-19 pandemic. In this regard, (Rastegar et al., 2021) attempted to optimize the
allocation of influenza vaccines by locating distribution centers and considering allocating
demands to the hospitals. (Sarkar et al., 2021) developed a data-driven optimization model for
the allocation of patients to the hospitals by developing a compartmental model to delineate
the spread of the COVID-19 virus and applying Pareto analysis to categorize the cities that
have been affected the most by the COVID-19 pandemic.

(Goodarzian et al., 2021b) developed a sustainable medical SCN considering the pro-
duction of COVID-19-related medicines, the distribution centers’ location and distribution
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of medications, facility allocation, and inventory control. They also used a simulation-based
approach to determine the number of medicines required for COVID-19 patients. Finally, they
used three meta-heuristics: Firefly algorithm hybrid with Variable Neighborhood Search, Ant
Colony Optimization, and Fish Swarm Algorithm in a case study. Concerning the resource
sharing for critical medical resources, (Mehrotra et al., 2020) developed a stochastic model
for allocating ventilators to demand regions and then used the model to solve a case study of
different states in the United States. (Gilani & Sahebi, 2022) proposed a vaccine distribution
supply chain model by considering economic, social, and environmental dimensions. This
model considers domestic or foreign vaccine production, vaccine distribution centers, dif-
ferent modes of transportation, types of vaccines, and the amount of vaccine sent to medical
centers. Similarly, (Shiri & Ahmadizar, 2022) proposed a vaccine SCN for the COVID-19
pandemic. In this study, they first generated the demand scenarios using the Monte Carlo
method; then, to distribute vaccines, by locating distribution centers, healthcare infrastruc-
tures are allocated to these hubs by considering minimization of the total cost as the objective
function.

2.4 Medical waste management during COVID-19 outbreak

Another important aspect of planning the COVID-19 pandemic response is the management
of IMW (Peng et al., 2020). Owing to the great number of people who are infected with
the virus, the IMW generated in hospitals has faced dramatic growth. Therefore, the waste
management is believed to be a vital part of managing the COVID-19 pandemic. (Tirkolaee
et al., 2021) developed a location-routing mathematical model considering sustainability
and time windows for management of medical waste during the COVID-19 pandemic. This
model aims to minimize three objectives: total violation from time windows, total travel-
ing time, and set up of disposal centers-associated infection risk. In another study, (Kargar
et al., 2020b) presented a reverse logistics network design for waste management amid the
COVID-19 pandemic. The IMW generated is handled with the landfills and existing and
temporary treatment centers. This model tries to minimize three objectives: the total costs,
the associated infection risk from transportation and processing of IMW in treatment centers,
and uncollected wastes. Similarly, (H. Yu et al., 2020b) proposed a reverse logistics model
for waste management during an epidemic outbreak. In this study, hospitals and healthcare
centers are considered as the source of generating IMW. For managing these wastes, they
have considered temporary waste transit centers, existing and temporary waste treatment
centers, and waste disposal centers. They aim to minimize the infection risk of uncollected
wastes, the infection risk of transportation and treatment of the wastes, and the total costs.
Table 1 depicts the specific features of the reviewed studies.

2.5 Research gaps

As stated by the review of literature, it can be primarily seen that no studies included an
integrated SCND to respond to the pandemic of COVID-19 in terms of patient allocation to the
existing and temporary hospitals, medication distribution, waste management, infection risk
of constructing temporary facilities and waste management, and disruption in the capacity
of facilities altogether. Secondly, there is a lack of data-driven modeling to make use of
available data from COVID-19 disease; this is particularly important since many of the
components associated with the pandemic of COVID-19, including the number of patients
in future periods, are unknown, can be accurately addressed using certain methods (ML and
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ANN). Many countries around the world provide daily updates on the number of people
infected and deaths by COVID-19 amid the ongoing pandemic. Through time, and due to the
persistence of this epidemic, it could be seen that there is a lot of time series data available.
The use of historical data and tools like ML or time series analysis can contribute to accurate
forecasting of the number of infected people in future periods. One of the vital problems
of supply chains (commercial and humanitarian) throughout the COVID-19 pandemic is the
uncertainty in demand (Raj et al., 2022). When uncertainty is present in decision-making, it
can lead to certain problems, such as medical resource distribution, reducing or limiting the
ability to provide care to patients, providing temporary healthcare solutions, and many other
problems. Data-driven SCNDs, such as the proposed two-phase approach in this study, can
positively impact the financial performance, responsiveness, and resource management of
the supply chains (W. Yu et al., 2018). Thirdly, a few papers have considered the disruption in
the capacity of facilities, such as hospitals, distribution centers, as well as waste transfer and
disposal centers simultaneously. Finally, investigation of the specific features of COVID-19
disease, such as the probability of different demand scenarios, prioritizing the allocation
of severe patients to the existing and more advanced facilities and non-severe patients to
temporary ones with a lower service level, and the specific medicine requirements for each
group of patients has not been comprehensively carried out in the literature.

In this study, a two-phase approach is presented by mathematical modeling the specific
characteristics of the COVID-19 pandemic. As part of the first phase, using the ANN, the
number of patients in the future periods was forecasted, and scenarios were generated. After-
ward, using the K-Means method, the obtained scenarios were reduced. Ultimately, in the
second phase, a data-driven two-stage stochastic programming (TSSP) model was proposed
using the obtained scenarios in the first phase, which has three objectives, namely max-
imizing the minimum allocation of COVID-19 patients to hospitals, minimizing the total
transportation time, and minimizing the total infection risk associated with the temporary
facility installation and transportation of medical supplies and IMW. In the proposed model,
the following factors were considered: locating temporary facilities (temporary hospitals
and temporary waste transfer and disposal centers), disruption in the capacity of facilities,
medication distribution by locating distribution centers, and waste management.

3 A two-phase approach for supply chain network design

Amidst the COVID-19 pandemic, one of the biggest challenges is the lack of adequate
hospital beds for patients. Given the fact that the lack of medical care for patients can raise
the chance of an increase in the severity of their disease, locating temporary hospitals is
essential. However, COVID-19 disease is more severe in some and milder in others. Therefore,
patients’ hospitalization should be prioritized, and people with more severe conditions should
be prioritized. In addition, they should be allocated to the existing hospitals (which are more
equipped than temporary ones). For this purpose, a multi-objective, three-echelon, multi-
product, multi-period, data-driven mixed-integer two-stage stochastic linear programming
model is proposed. As shown in Fig. 1, COVID-19 patients with any level of severity of
the disease are initially allocated to the existing hospitals. Thereafter, if there is no more
bed capacity in the existing hospitals, with locating temporary hospitals, patients with lower
disease severity are assigned to these established temporary hospitals. Depending on the
patients’ need for medications, the required medications from distribution centers are then
provided to the hospitals by locating distribution centers. Subsequently, considering the IMW
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Fig. 1 The proposed SCN

produced in hospitals, infectious wastes are handled in two ways. The first strategy involves
transferring waste directly to the existing disposal facilities for waste. Afterward, with the
completion of the processing capacity of the existing waste disposal centers, if necessary,
temporary waste disposal centers are set up. In the second strategy, by establishing temporary
waste transfer centers, the wastes are first transferred to these centers and then sent to the
existing and temporary waste disposal centers. Among all the above-mentioned challenges,
the most pivotal part of supply chain management to respond to this pandemic is knowing the
number of patients for the planning horizon. Therefore, forecasting the number of patients for
future periods is known to be one of the main components of effective disease management;
this is because of the growing number of infected cases, as a result of which, more medical
staff and health workers could become infected, causing disruptions and underperformance
in distribution centers, hospitals, and waste management centers due to their absence.
This problem necessitates making efficient decisions about the following:

The location of the distribution centers

The location of the temporary hospitals

The quantity of medications transported from distribution centers to medical facilities
The number of patients allocated to hospitals

The location of temporary disposal and transfer centers

The amount of uncollected IMW in hospitals

The quantity of waste transferred from hospitals to the waste disposal or transfer centers

This research is divided into two phases in this regard. In the first phase, several recurrent
neural networks with LSTM architecture were trained on the historical data to forecast the
number of patients in future periods and generate demand scenarios. The latest daily data
of COVID-19 allows accurate forecasts using state-of-the-art tools, such as ML and deep
learning (DL). Additionally, the daily data of the number of infected people available is
suitable for ML owing to the long time since the pandemic started. On the other hand, time
series data that cover a broad period capture more trends and seasonality embedded in them,
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Fig. 2 The steps of the proposed approach

making the forecasts more accurate. Via the K-Means clustering method (Jain et al., 1999),
the created scenarios were then clustered, and the final scenarios were obtained. During
the second phase, a TSSP mathematical model was developed using the demand scenarios
obtained in the first phase. Subsequently, following the conversion of the suggested model into
a linear form, the multi-objective model was turned into a single-objective model employing
augmented e-constraint method (AUGMECON?2).

Figure 2 depicts the steps of the two-phase approach. In the following sections, we elab-
orate on each phase.

3.1 Phase one: forecasting the demand using LSTM-RNN

DL methods, especially RNNs, are suitable for processing sequences like time-series and
have been widely utilized in this area. However, the major drawback of recurrent neural
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networks is the issue of vanishing or exploding gradients, which makes training challenging
(Abbasimehr & Paki, 2021). As an extension of RNN, LSTM excels in forecasting time series
data owing to its capability of maintaining long-term temporal dependencies (allowing it to
store information for extended periods) (Greff et al., 2017). LSTM-RNNs are more accurate
than traditional ANNS for time series data because they can capture long-term dependencies.
This makes them ideal for predicting future trends and forecasting time series. It handles
the vanishing gradient problem because of which learning is terminated in neural networks.
Additionally, LSTM-RNNSs are becoming increasingly popular for their ability to resist noise
interference and their capacity to handle higher levels of complexity than traditional RNNs.

Every LSTM block comprises of a cell state, a forget gate, an input gate, and an output
gate. The structure of an LSTM block is illustrated in Fig. 3. In LSTM, x(#;) is the input
value, h(t;) and h(t;—1) are the output values at the time points # and #;_1, respectively,
and c(#;) and c(¢#;—1) represent the cell states at the time points #; and #;_1, respectively. The
functioning of each LSTM block is as follows:

e The forget gate f(#;) computes and preserves the information in c¢(f;—1) using x(¢;) and
h(t;—1) along with sigmoid activation.

e Using the x(#;) and h(t;—1), the input gate a(z;) computes the value of c(#;).

e By applying tanh and sigmoid on c(;), the output gate o(#;) implements regulation.

The mathematical expression for the forward learning process of an LSTM block is as
follows:

a(ti) = o (wax(t;) + whah(ti-1) + ba) (D

f) =owyrx®) +wpph(ti—1) +by) ()

c(t)) = fi x c(ti_1) + a; x tanh(wyx(t;) + wpe(h(t;_1) + b)) 3)
o(ti) = o (Wex (t;) + whoh(ti—1) + by) “

h(t;) = o(t;) x tanh(c(t;)) (5)
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Here, the activation functions are sigmoid (o) and tanh, and the symbol x denotes point-
wise multiplication, {bc, by, by, , b,,} denote the biases of the cell state, forget gate, input
gate, and output gate, respectively, {wc, W, Wy, wa} are the weights matrix of cell state,
forget gate, input gate, and output gate, respectively, {wha, Wht, Whes who} are the recur-
rent weights, and finally, {a(t;), f (%), c(#;), o(t;)} show the output results of the gates. The
learning steps of an LSTM are as below:

1. Computing the output using Egs. (1) to (5) (forward learning).
2. Calculating the error between the output and input data labels.
3. Backpropagation and updating each gate’s weight using an optimization algorithm.

At the end of the process, the optimal weights and biases are determined by repeating the
aforementioned steps for a given number of iterations.

The architecture used for the proposed neural networks is shown in Fig. 4, consisting of
LSTM neurons with Rectified Linear Unit (ReLU) activation function for the first layer, which
gets the data as input. In the next layer, fully connected Dense neurons with ReLU activation
function are utilized. Regularization, particularly the appropriate use of the drop-out layer,
is critical to the performance, given the intricacy of the proposed models. Studies have
shown that with this type of artificial neural network architecture and through the use of this
network for forecasting time series, drop-out layers with a rate of 0.5 are of great importance
to prevent overfitting and enhance the generalization of the resulted model (Lipton et al.,
2016). Therefore, a drop-out layer with a rate of 0.5 is applied. Eventually, fully connected
Dense neurons with ReLLU activation are used in the final layer for providing the output.

According to Fig. 4, the inputs with the size of 5 x 1 (the number of periods specified) are
entered into 100 LSTM blocks. Moreover, in the final layer, there are five fully connected
Dense neurons giving an output with the size of 5 x 1 (as much as the number of periods
desired for forecasting). It should be noted that this architecture is based on the actions taken

Input

== 100
' . e ‘ . LSTM Neurons
s

V
40 Fully Connected
Dense Neurons

Dropout (50%)

4

o i 5 .. Fully Connected
Dense Neurons

v
Output

Fig. 4 The proposed ANN architecture
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during data preparation. Therefore, the input and output data sizes depend on how the data
and the desired outcomes from running this network are labeled in this research, since the
data are considered to be five time periods as input and the subsequent five time periods as
labels, the proposed network will finally forecast the demand for five periods.

3.1.1 Data preparation

Three fundamental data preparation tasks used to prepare data for forecasting are data clean-
ing, normalization, and data labeling. Given a time series of length N {x(#;),i = 1,2, ..., N},
the preprocessing steps are as follows:

e Data cleaning
In the case of noisy and missing values in the given time series, the noisy values need to
be smoothed out, and the missing values must be replaced using a suitable methodology.
e Data normalization
The given x(#;) time series is normalized as follow, and the result represented as
{(xp(t),i=1,2,...,N}:
x(t;) — min(x)

X (0i) = max(x) — min(x) ©

where max(x) and min(x) respectively are the maximum and the minimum values of x.
o Data labeling

For its input, the proposed ANN model requires examples in the input—output format.

As a result, each example must be a pair of an input object and the desired output value

(label). For obtaining the mentioned format from the given normalized time series x;, (¢;),

we should divide the x, (#;) into examples with the desired length of K. For this purpose,

by considering L as the total length of x;,(¢;), input—output pairs (/;) are as follows:

I = {input Hxn (), x0(02), oo, xn (1)} 7)

output : {x,(tk+1), Xn(tk42), ..., Xn(t2k)}
L= {inl’ut Hxn(82), X0 (83), oo, Xn (k1) } ®)
output : {x,(tk +2), Xn(tK+3), - Xn (2K +1)}
input : {x, (¢L—2k+1), Xn (LK), -, X (tL—K )} ©)

Ip 2k+1 = {
output : {x,(tL—g+1), Xy (tL—K +2), -, Xp (11)}

This procedure gives the total number of L —2K + 1 instances for the input of the proposed
ANN. An example of the mentioned procedure for a simple time series with a length of 10 and
considering K = 4 is presented in Fig. 5 whichmakes. L —2K +1=10—-2x4)+1=3

labeled instances.

Time Series t t t3 t4 ts te t7 ] ) tio
L - L - J
Input 1 Output 1
L J L J
g g
Input 2 Output 2
L J L J
T Y
Input 3 Output 3

Fig.5 A simple example of the procedure of data labeling
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3.1.2 K-Means clustering method

There are many methods and algorithms for clustering data. The clustering algorithm of K-
Means is amongst the most prevalent and frequently used algorithms (Sabouhi et al., 2021).
This methos attempts to divide n observations into k clusters. (James et al., 1967). Let t,,, be
the vector of mth observation (forecasted time series) where each observation has e elements.
Now, the subsequent actions have been finished:

e Step 1 Randomly choose k data points as the initial Centroids (cluster centers) and call
them cy.
e Step 2 Find the distance between each observation (#,,) and the selected k centroids as

follows:
e 2 Vmel,2,..,n
m __ e _ e 9 ’ b
a = egl (85 = <i) Vkel,2,..k (1o

where t5, is the eth element of vector t,, and cz is the eth element of vector cy. d,’(" will be
the distance between observation m and centroid k.

o Step 3 Now, based on the distance discovered, assign each data point to the nearest centroid.
If observation t,, is assigned to ¢ centroid, set m,,x = 1, 0 otherwise.

e Step 4 Take the average of the observations in each cluster group to update the centroid
position as follows:

M=

Mpkli
m=l__ Wkel,2, ..k (11)

Mmk
1

=[Il

ck =

m

e Step 5 Repeat Steps 2 to 4 until our centroids remain steady.

For selecting the ideal value for clusters’ number (k), the Elbow method was used
(Bholowalia & Kumar, 2014). In this approach, we adjust the clusters’ number (k) from 1
to a chosen number. Afterward, for each value of k, we calculate the total distance between
the observations and the centroids. Finally, when we plot the obtained values with the &
value, the resulting plot exhibits an Elbow shape. The sum of the distances remains almost
the same from the elbow point, Hence, the k value that corresponds to this point represents
the optimal number of clusters or the optimal k value.

3.2 Developing two-stage stochastic data-driven programming

The second phase of the proposed two-phase approach develops a multi-objective stochastic
optimization model for locating distribution centers, temporary hospitals, temporary waste
disposal centers, and temporary waste transfer centers. Furthermore, considering disruption
in the capacity of the mentioned facilities, the proposed model considers patients’ allocation
to hospitals, distribution of drugs to hospitals, and waste management. The created model
has three objectives: (1) maximizing the minimum patients’ allocation to hospitals within all
regions, (2) minimizing the sum of transportation times, and (3) minimizing the total risk of
disease outbreak by establishing temporary facilities, waste transportation, and uncollected
waste in hospitals.

In TSSP, the model makes two sets of decisions: first-stage decisions and second-stage
decisions (Birge & Louveaux, 2011). The decisions of first-stage are made prior to compre-
hending the scenarios obtained from the first phase, including setting up distribution centers,
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locating temporary hospitals, and locating temporary waste disposal and transfer centers
(Sabouhi & Jabalameli, 2019). The decisions in the second stage are related to the scenarios
obtained from the first phase; considering the impact of these scenarios on disruption of
the capacity of facilities and the demand, these decisions include the allocation of patients
to hospitals, the medications’ number transferred to hospitals from distribution centers, the
amount of medications inventory at hospitals, the amount of waste transferred from hospitals
to waste disposal and transfer centers, as well as the quantity of uncollected waste in hospi-
tals. Followed by the mathematical model, the next section outlines the sets, parameters, and
decision variables.

3.2.1 Mathematical model

Sets and indices

Set of regions,m € M

Set of existing hospitals,h € P

Set of potential locations for temporary hospitals,n’ € §

Set of all hospitals, H =P U S,h € H

Set of existing waste disposal centers,g € U

Set of potential locations for temporary waste disposal centers,q € R
Set of all waste disposal centers, Q = U U R,q € Q

Set of potential locations for temporary transfer centers / € L
Set of different disease severity in patients,i € /

Set of potential locations for distribution centers,k € K

Set of time periods,t € T

Set of medications,d € D

<~ UNAR~SNRXTIT YT E

Set of demand scenarios,v € V

Parameters

de},,  Forecasted patients’ number (demand) with disease severity of i € I in region
m € M in time period ¢ € T under scenariov € V

Stk Set-up cost of distribution center k € K

pry Medication’s purchase price per unitd € D

trin Per-unit transportation time of the medication d € D from distribution center
k € K tohospital h € H

hlp, Per-unit holding cost of medication in warehouse of hospital 4 € H for each
time-period

6; The lowest fraction of group i € I that must be included (coverage rate)

Brrd The maximum capacity of distribution center k € K for supplying medication
d € D intime-period t € T
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CPp
cwy,
chy
qu
cly
thyn
tShp
tly
tcyg
tqhq
%
dniq
hpipn

Phy
pa,
el;

oy

rln

rC[q

ary
ri

P44t
ply;
Sqq
sl
BG

BG»
Ty
dhpy

dspy
dtgy

dkpy

Capacity of patients in hospital 7 € H

Warehouse capacity of hospital # € H for medication storage

Set-up cost of temporary hospital A’ € S

Set-up cost of temporary disposal center g € R

Set-up cost of temporary transfer center / € L

Travel time between region m and existed hospital € P

Travel time between existed hospital & € P and temporary hospital 4’ € S
Travel time between hospital # € H and transfer center / € L

Travel time between transfer center / € L and disposal center g € Q

Travel time between hospital # € H and disposal center ¢ € Q

Conversion factor of time travel to cost

1 if group type i € I need medication type d € D, 0 otherwise

1 if patient from group type i € I can be served by hospital &7 € H at time
period ¢t € T, O otherwise

Population exposure around temporary hospital A’ € S

Population exposure around temporary disposal center g € R

Population exposure around temporary transfer center [ € L

Population exposure around transportation route of waste from hospital » € H
to disposal center g € Q

Population exposure around transportation route of waste from hospital h € H
to transfer center / € L

Population exposure around transportation route of waste from transfer center
[ € L to disposal center

qg€Q

Probability of accidental risk at hospital h € H

Reproduction number of the disease

Waste generation rate per person

Unit processing cost in disposal center ¢ € Q atperiodt € T

Unit processing cost in transfer center / € L at periodt € T

Capacity of disposal center g € Q

Capacity of transfer center / € L

Budget available for set-up costs of temporary hospitals and distribution
centers, and transportation of patients and medications

Budget available for set-up costs of temporary waste disposal and transfer
centers, and waste transportations, and waste processing costs

Probability of occurrence of scenario v € V

Percentage of capacity disruption in hospital # € H under scenario v € V
Percentage of capacity disruption in transfer center / € L under scenario v € V
Percentage of capacity disruption in disposal center ¢ € Q under scenario
veV

Percentage of capacity disruption in distribution center £k € K scenariov € V
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Decision variables

Wy 1 if distribution center k is set up, O otherwise
Wi, Number of medications d € D stored in hospital 4 € H warehouse in
time-period ¢ € T under scenario v € V
Xinia Number of medications d € D transported from distribution center k € K to
hospital 4 € H in time-period
t € T under scenariov € V
EHy, 1 if temporary hospital 4’ € S is set up in period ¢ € T, 0 otherwise
Pt Number of patients with disease severity of i € I at region m € M that are
assigned to existed hospital
h € P inperiodt € T under scenariov € V
Yy Number of patients with disease severity of i € I at existed hospital & € P that
are assigned to temporary hospital 2’ € S in time period t € T under scenario
veV
Oy 1 if temporary disposal center ¢ € R is set up in time period ¢ € T, 0 otherwise
Ey, 1 if temporary transfer center / € L is set up in time period ¢ € T, 0 otherwise
ML}, Waste amount transported from hospital # € H to temporary transfer center
I € L in time period ¢t € T under scenariov € V
MQ; gt Waste amount transported from hospital # € H to disposal center ¢ € Q in
time period ¢ € T under scenario v € V
M C}’qt Waste amount transported from transfer center / € L to disposal center g € Q
in time period ¢ € T under scenariov € V
ucy, Amount of uncollected of waste at hospital # € H in time period ¢t € T under
scenariov € V
Objective functions
v
hX%’ Zimht
Max Zy = Min{ Y " my | “=—— (12)
i,m,t de!
veV imi
D2 D Xiwa Xt + DD DD Zi X thunct
heH keK teT deD heP iel teT meM
v v
MinZy =Y m, DD D Wi Xt + DY Y MOy X 1 +
" heP WeStel iel teT qeQ heH
)IPIDIUTIRTIND 3 9p BT
| t€T heH leL leL qeQ teT i
13)
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MinZy =" Oy x pag+ Y > Eyxel+ Y > EHy, x phy+

teT qeR leL teT heS tet
S an x UCH %+ 3030 3 MOl X rang+ "
Z heH teT teT heH qeQ
Tty
T Do MLy Xl + 3D ) | MGy X reig
heH leL teT teT leL qeQ

The first objective function, Eq. (12), allocates patients by maximizing the minimum
allocation-to-demand ratio per group in each region and each period. Furthermore, Eq. (13)
expresses the second objective function and attempts to minimize the sum of transportation
times, including the patients’ transportation to hospitals, transportation time of medications
to hospitals, and waste transportation time to transfer and disposal centers. Finally, The third
objective function, given by Eq. (14) seeks to minimize the total risk of disease outbreaks by
considering population exposure to establishing temporary facilities and waste transportation
and the risk of disease outbreaks caused by uncollected waste in hospitals.

Constraints

v Yiel meM,

v .
h; Zine = 0i x dep, VieT.veV (15)
VheP,iel
v v s s
m;M Zimis = ,,EM it wyev,ieT (16)

Viel meM,

hg’ Zzymht = de;’ml VieT,veV (17)

Constraints (15) to (17) make the lower and upper bound for the variable of patient
allocation to hospitals (Z, , ). Constraint (15) guarantees that patients with different levels
of severity must be allocated to the hospitals at least at the coverage rate, which ensures
that the number of patients allocated to hospitals cannot be less than a threshold. Constraint
(16) ensures that the total allocation of patients in all regions per severity group must be
less than or equal to the total number of patients in all regions, which guarantees that the
patients’ allocation to hospitals cannot exceed the total demand. Similarly, constraint (17)
also ensures that the allocation of patients from regions to hospitals must be less than or equal

to the number of patients in each region.

Vhe P,iel
v < v S
hé:SYzhh’t — nEM szht VieT,veV (18)

Based on the Constraint (18), the allocation of patients from the existing hospitals to
temporary hospitals should not exceed the number of them in the existing hospital.

VAR D 4
EH - EZImGZM imht lg ihh't Vh (S P, /’l/ € S,
Wt = (I=dhpy)cpn VieT,veV

19)

Constraint (19) ensures that a temporary hospital is set up and used if only the existing
hospitals’ capacity is completed (considering the capacity reduction due to disruption in the
existing hospitals).

@ Springer



356 Annals of Operations Research (2023) 328:337-386

Z Z zhht < (A —dhpy) x EHp; x cpy VYheS,teT,veV (20)
hePiel
Zzzfmht Zzyhh/<(1_dhhv)><CPhV/’l€P,U€V,tET 1)
meMiel heSiel
Vk e K,d € D,
hgi Xina = (U= dki) X Prea x ok g, Cp "y (22)

Constraints (20), (21) and (22) respectively define the available capacity in the existing
hospitals, temporary hospitals, and distribution centers considering the disruption in their
capacity.

Viel heP,
Z Xia= 2 2 (Zh = Yiwy) xdnia =Wy, |, ¥d e D,veV, (23)
heSmeM VieT
Viel h' €S,

> Xiwea = 2 Vi, xdnig =Wy, |, VdeD,teT, (24)
keK heP ’ ’ YoeV

> Y XUy Scwy x EHy Yh' € S,ueV,reT 25)

keK deD

=< cwyp e P,veV,re

keK deD

Constraints (23) and (24) indicate that the allocation of medications from distribution
centers to hospitals should be greater than or equal to the number of medications patients
need, considering the amount of medication stock in the hospitals’ warehouse. Constraints
(25) and (26) guarantee that the number of medications sent to hospitals does not exceed
their storage capacity.

v — v v
Whta =Whi—1a + Z Xkhtd

kek Yhe P,d e D,

VieT,veV 27)
(3 3 o s 5 3 g ) T
iel meM iel h'eS

Vh' e S,d € D,
Wita =Wii—14 +k§< Xiwta = Z Z e X dnid g, T,veV (28)
ZWﬁtdfcthhEH,teT,UGV (29)

deD

Constraints (27) and (28) calculate the medication inventory at hospitals at the end of each
period. Additionally, Constraint (29) ensures that at the end of each period, the hospitals’
stock level does not exceed the storage capacity of that hospital.

Vhe P,teT,

Z Ziuht — Z iy < 1pine X (1 —dhpy) X cpp Viel,veV (30)
Vi eS,veV,
Z iy = Mpine X (1= dhyy) X epyy VieT,iel (D

Given the fact that some hospitals cannot serve a group of patients in some periods (such
as temporary hospitals that cannot serve patients with high disease severity in any period),
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Constraints (30) and (31) ensure that patients with a specific severity group can only be
hospitalized provided that the hospital can accept patients with that level of severity.

Zsthwk +ZZZZprd><XZh,d+

keK heH keK teT deD

ZZZZtrkhxX}éhtdxgo—i— ZZZhlthﬁm—i—

heH keK teT deD heH teT deD <BG VYveV

DD ehy x EHpy + Y3 3N thyn X Zhy x 0+

heStel heP teT iel meM

2D Dt X Vi X 9

heSheH teT iel

(32)
ZZ ZMQ}’W X tqpg X @ +Z Z ZMLZZI Xty X o+
teT qgeQ heH teT heH leL
SN IMC, <t x o+ Y S MO, % pag+
teT leL geQ heH qeQ teT
D03 MGy x pag + X Y 3 MLy, x i + et
leL teT qeQ leL heH teT
ZZO‘I’ X cqq + ZZE;, X cly
teT geR teT leL
(33)

Constraints (32) and (33) determine the maximum budget. Constraint (32) includes the
total cost of constructing temporary hospitals and distribution centers, transporting patients
to hospitals, sending medications to hospitals, and the inventory costs in hospitals. Moreover,
Constraint (33) comprises the total temporary disposal and transfer centers setup costs, waste
transportation costs, and waste processing costs in the disposal and transfer centers.

iel meM iel heS YoeV

Vhe P,teT,
Z Mthz+ZMLh1z5er (Z X o — 2 X mhz)

(34)

ZMQh/qt+ZMLh’lt§erZZ S VW €S, teT,veV (35)
q€Q iel heP

Constraints (34) and (35), by calculating the amount of waste generated in each hospital,
ensure that the total amount of waste sent from a hospital to waste transfer and disposal
centers should not exceed the amount of waste in that hospital.

G =G,y o (T - DX i
meM iel iel h'eS Vhe P,teT,
YveV (36)
Y MO, +) MLy,
qeQ leL
Vh' e S, teT,
UCh, =UCh,y+wrx 3 3 Vi, = (Z MQjg + Z MLh’ll) YveV
iel heP
(37)
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Constraints (36) and (37) calculate the amount of uncollected waste in each hospital.

X MLy, < (1= ds) x sl x By welreh (38)

X MO}, + X MCh, < (1= digy) x 544 % O z;iz"’ SR 39
T MO}, + 3 MCl, = (1= dig) x 54, 33 < ‘L/”Vt <7 (40)
XM= E Mt ey @

Constraints (38), (39), and (40) are respectively the capacity constraints of temporary
transfer centers, temporary disposal centers, and the existing disposal centers. Constraint
(41) is the flow balance constraint of the temporary transfer centers.

wi, EHpy, Ogr, E;p € 0,1} Vke K, h € S,teT,qe R, 1L (42)
YVhe HteT,
YVde D,veV,
Wiias Xinia» MLjy, MQ}, MCL UCH, 20 VkeK.leL (43)
Vg € QO
Z e Yoy, =20VmeM,iel,he P,heS,teT,veV (44)

The constraints (42) to (44) show the properties of the decision variables.
3.2.2 Linearization

Due to the nonlinearity of the objective function (12), we deal with its linearization method

Z Zivmht
in this section. The new free variable v will be replaced with Mi n{ > oy % % in
veV imt
the objective function (12). Therefore, the following statement is correct:
hz Zz‘umhr
p=Miny Y myx I—Viel.teT,meM (45)
vev Cimt
. . Z szmht L .
Therefore, considering u < Y 7, X ”Egev and also u seeks to maximize in the first
veV imt
Z Zrymht
objective function, then it always takes the lowest value of Y m, x "Egev (Asghari et al.,
imt

veV

2022; Rastegar et al., 2021). According to Eq. (45), the linear model presented will be as
follows:

MaxZ1 = (46)
Objective function (13) and (14)
s.t.
Z Zivmhr 47
W< Y myxo—vVielteT,meM “n

veV imt
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Constraints (15) to (44)

3.2.3 Multi-objective solution technique

One of the frequently employed methods for multi-objective programming is e-constraint.
This study employs an refined form of the augmented e-constraint method, called AUGME-
CON?2, was utilized to find the exact Pareto set of the multi-objective problem (Mavrotas
& Florios, 2013). The e-constraint method involves optimizing one objective function and
converting the others into constraints, setting an upper bound limit for each. By altering the
boundaries and solving the single-objective model, efficient solutions can be obtained. In the
following, the AUGMECON?2 method is explained:

L L L

max( i) +ex (2 4+ 2 x 107 + ...+ =2 x 1072 (48)

d> d3 dp

S.t.

L) —Ly=e (49)
fp(x)_Lp =é€p (50)
xeS, LieR" (51)
In Eqgs. (48) to (51), ey, e2, ..., e are the right-hand side parameters acquired from each
specific iteration of the grid points of the f>(x), f3(x), ..., fp(x) objective functions. Param-
eters dp, d3, ..., d), are the difference between the best and worst values of the respective
objective functions and the variables L3, L3, ..., L, are the surplus variables of the corre-

sponding constraints. In addition, ¢ € [107°, 1073] and § is the feasible region. Figure 6
illustrates the steps of this method.

Accordingly, the proposed mathematical model using the AUGMECON2 method will be
as follows:

Ly L3 1
Max(u + e x ((d—Q) + (d—3 x 10 ))) (52)
s.t.
DIDDIPILWELLTED SO DD DM LTE
heH teT keK deD teT iel heP meM
S| 2 20 22 Vi X towe D 30D MOy X tang+ |y,
» heP h'eS tel iel qeQ heH teT
Z Z ZMLZII X tlp+ ZZ Z MCqu[ X teyg
| heH leL teT leL teT qeQ i
(53)
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Step1: We solve the model several times by considering only one of the objectives to determine each
objective function's best (pre“) and worst values (Fp”ad”) and then we calculate:

_— pbest _ pnadir
=5 B

NS

Step2: Choose a main objective function and transform the remaining objective functions into constraints.

S

Step3: Lets consider variable i = 1 as a counter and select a predetermined number k for number of the

iterations.

Step4: e,, for each iteration can calculate as follows:

. d
— d . 14
ep = B¢ ”+l><—k

S

Step5: Solve the model and i =i + 1

S

Step6: If i < k then then go to the Step4, otherwise end the algorithm.

Fig. 6 Steps of the AUGMECON2 method

Z Z Oyt X pag + ZZE” X el + Z ZEHh’z X php+
teT geR teT leL heS tet
DD amxUCH xri+ Y % % MOy, xrang+ || _p _ .
ZTE heH teT heH teT qeQ
= S Y MLy, <t + 3 S Me, x ra
heH leL teT qeQ teT leL

(54)

Constraints (15) to (44) and Constraint (47).

4 Computational results

In this section, in addition to explaining the case study, we present the results obtained from
two phases of the suggested method in Sect. 3. To realize this, we first present the results
obtained from the demand forecast by the proposed ANNs (first phase). Then, in the second
phase, we will solve the proposed mathematical model using the results obtained from the
first phase.
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4.1 Case study

Tehran is the capital of Iran, which has one of the highest mortality rates for COVID-19
patients in Iran. The increase in the number of patients has led to the shortage of hospital beds
for patients. Tehran has 22 districts. After the surveys, 15 hospitals in this city were found to
be currently considered for the hospitalization of COVID-19 patients. The information about
these hospitals was obtained from the Ministry of Health and Medical Education (MOHME).
The location and bed capacity of these hospitals are shown in Table 6 of Appendix 1.

Moreover, to find the distances between the districts of Tehran, the center of each district
was selected, which is shown in the Table 7 of Appendix 1. Furthermore, 10 waste disposal
centers dedicated to waste management of the COVID-19 were identified in Tehran, whose
locations are presented in Table 8 of Appendix 1. Finally, this research identified and consid-
ered six candidate locations for temporary hospitals, four candidate locations for temporary
waste disposal centers, four potential locations for temporary waste transfer centers, and
seven candidate locations for distribution centers. Figure 7 exhibits all the locations in this
case study.

In the following, the Neshan map API has been used under the average traffic conditions
of Tehran city to obtain the time interval between network points. Furthermore, for the set
of medications in this case study, two medications, Naproxen and Famotidine, the most
prescribed by physicians in Iran for COVID-19 patients, have been considered. The risk of
a facility (population exposure around facilities) was calculated using (Zhao et al., 2016):

Risk = Jrrz(kmz) X Populationdensity(People/kmz) (55)

where the impacted radius (r) is set to 1 km for transfer centers, 3 km for disposal centers, and
4 km for hospitals. Similarly, the risk of disease spread associated with transportation routes
was calculated as the population’s exposure within a 500 m range along the transportation
route. The risk of probable accidents at the hospitals (arj,) was also considered to be 0.0007
Th P i 4
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Fig. 7 Location of hospitals, distribution centers, and waste disposal and transfer centers on the map
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Table 2 Parameter values of this

case study ($: Dollars, $/S: Parameters Values
Dollar/seconds, M3: Cubic
meters) Per-dose purchasing cost of medications pri = 0.16($)
(Pr,]) pro =02 ($)
Coverage rate for each severity group of 61 =0.7
patients (6;) 6, =05
Budgets (BG1, BG3) BG, =

3, 600, 000($)
BG, = 1,000, 000
$)
Conversion factor of time travel to cost (¢) @ = 0.00005($/S)

Waste generation rate per person (wr) wr = 2‘3(M3)

(Yuetal., 2020a). Finally, based on several studies, different values have been reported for the
reproduction number of COVID-19 (ri), and herein, we used the value of 2.5; the majority
of studies have reported a number close to it (Achaiah et al., 2020). The values of other
important parameters of this case study are shown in Table 2.

4.1.1 Phase one results—demand forecasting using LSTM-RNN

Management of the patients’ allocation to hospitals necessitates proper and accurate fore-
casting concerning the number of patients. For this purpose, ANNs were trained using the
historical data obtained from MOHME. The data timespan used for training is from 19 Febru-
ary 2020 to 26 October 2021. These data include the number of patients admitted to hospitals,
classified into two groups: patients with mild and severe disease conditions. Accordingly,
for each group of severity levels, 100 ANNs were trained to forecast the number of patients
of that group in future periods. Given the fact that the duration of hospitalization of patients
in the hospital is approximately 14 days for COVID-19 (Vekaria et al., 2021), each period
in this study consists of a total of 14 days. We considered k = 5, which divides the data
into labeled instances with a length of 5 according to Eq. (9). Primarily, the data concerning
the daily number of patients were cleaned and normalized. Subsequently, the data of each
of the 14 consecutive days were added together to form the suggested time period in this
study. According to the start and end time of the collected data, a total of 615 days of data
was available. As a result, the input to the model was five consecutive periods, with the label
being five consecutive periods following the previous five.

To measure the effectiveness of the proposed ANNs for demand forecasting, four mea-
sures, namely Root-mean-square deviation (RMSE), Mean squared error (MSE), Mean
absolute error (MAE), and Mean absolute percentage error (MAPE), were employed. The
following equations give the definitions of RMSE, MSE, MAE, and MAPE:

M
1
RMSE = |~ > Wi - Ri)? (56)
i=1
I M
MSE = — U; — R;)? 57
i ;( ) (57)
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M
12
i=
M
1 Ui —R;
MAPE = — —_— 59
| ‘ (59)

i=1

where U; is the actual value at time point i and R; is the predicted value of the time point i.
The performance of the ANNs is shown in Fig. 19 of Appendix 2 for predicting severe cases
and Fig. 20 of Appendix 2 for predicting less severe cases.

After training ANNs on the data of severe and less severe patients, 100 ANNs were
prepared for each group. Subsequently, the number of patients in each group for future periods
was forecasted using these trained machines. The forecasting results show that areas with
a higher population density will have more infected people in future periods. The obtained
results indicate that according to the positive correlation between the population density of
the districts and the number of people infected, the regions whose number of infected people
is forecasted to be the highest in Fig. 8 are the those having a high population density in
Tehran city (Bhadra et al., 2021).

Ultimately, via the K-Means clustering method, all the forecasts for each group of patients’
severity were clustered into three clusters, giving the final three demand scenarios. To obtain
the number of clusters, we used the Elbow method. As seen in Fig. 9, the optimal value of k
(Number of clusters) is 3.

All the clustered scenarios for the number of severe and less severe patients in future
periods are represented in Figs. 21, 22, 23, 24 of Appendix 3. Finally, as the representative
of each cluster, the center of each cluster was selected as the demand forecast used in the
mathematical model. The numerical results of the forecasts are given in Table 9 of Appendix
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Fig. 8 Forecasted number of demands per district
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Fig. 9 The Elbow method’s result

Table 3 Probability of scenarios’

occurrence Scenario Probability of occurrence of scenario ()
0.295
2 0.435
3 0.27

3. It should be noted that as a result of insufficient disclosure of the number of patients
in each district separately by MOHME, the forecasted number of patients for each district
was obtained using the population density of each district. Eventually, the probability of
occurrence of each scenario (cluster) was calculated according to the number of members in
each cluster divided by the total number of forecasts made, which is presented in Table 3.

4.1.2 Phase two results—solving the two-stage stochastic programming mathematical
model

The solution time of the e-constraint method for solving the proposed model with the
GUROBI solver of GAMS software was 2 min and 23 s; the objective values are reported in
Table 4. Additionally, Fig. 10 shows the values of objective functions.

The Pareto frontier of solving the presented case study using the proposed model is plotted
in Fig. 11.

Table 5 depicts the located distribution centers, temporary hospitals, temporary disposal
centers, and temporary transfer centers for each Pareto solution. As can be seen, since the
first objective function was chosen as the primary objective function, and the other objective
functions were transferred to the constraints, with the minimum allocation-to-demand ratio
reduction, fewer temporary hospitals were established. Moreover, in the first few of Pareto’s
solutions, the waste management budget was not fully utilized, leaving room for locating tem-
porary transfer centers. Since these temporary transfer centers were not used, their selection
was solely in view of sufficient funding. The locations chosen for temporary waste disposal
centers are generally locations 12 and 15. These choices were made due to the lower capacity
of the existing waste disposal centers near these temporary facilities. Figure 12 demonstrates
the located temporary hospitals along with temporary disposal and transfer centers.
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Table 4 Corresponding values of objective functions of the Pareto solutions

Number of Pareto solution Optimal solutions of objective functions
Z1(Min allocation-to-demand ratio) Z> (S) Z3(People)
1 0.899615385 59,196,413.25 77,671.43315
2 0.8956 54,719,609.21 70,064.46742
3 0.897359551 50,846,963.03 62,444.00923
4 0.883787879 43,501,600.45 54,675.46417
5 0.848390092 41,926,103.41 47,150.76925
6 0.776042355 37,723,515.34 38,890.39003
7 0.745545294 33,418,218.05 32,054.22867
8 0.675088415 29,061,031.8 24,414.50981
9 0.515546104 24,703,845.56 16,705.75834
First objective function 1e75econd objective function Third objective function
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Fig. 10 Values of objective functions
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Fig. 12 Located temporary facilities

According to Fig. 12, temporary hospitals were located where there are either fewer
existing hospitals available or locations where there are no existing hospitals. Similarly,
temporary disposal centers were established in the areas with no existing waste disposal
centers in their vicinity. Also, according to the results of the forecasts, shown in Fig. 8 and
Table 9 of Appendix 3, it can be concluded that another main reason behind choosing these
areas as the location of temporary facilities is the high number of forecasted patients in them;
for example, the fourth district of Tehran city has the highest number of patients according
to the data obtained from MOHME and the forecasts made; as a result, a temporary hospital
has been located in this area, as well as temporary disposal centers near this area. It should
be noted that population density alone is not the reason for locating temporary facilities, and
some other aspects, such as the insufficient capacity of hospitals in some areas (such as areas
18, 19, and 22), should also be taken into consideration.

Figure 13 shows the percentage of the demand allocated to each hospital in the chosen
Pareto solutions for each scenario. As seen, the percentage of the patients allocated to the
existing and temporary hospitals and the percentage of those not allocated to hospitals vary
in each Pareto solution and each scenario. With the decrease in the minimum allocation-
to-demand ratio, the allocation of patients to temporary hospitals declines and eventually
reaches zero. The number of patients not allocated to hospitals, on the other hand, increases.
For note, the proposed mathematical model locates temporary hospitals and allocates patients
to them only when filling the capacity of existing hospitals. For this reason, the allocation
priority always goes to existing hospitals, which is indicated through the low percentage of
allocated patients to temporary hospitals.

In Pareto solution #1, the uncovered demand obviously peaked at scenario #1 and reached
the lowest in scenario #3. According to Table 9 of Appendix 3, the demand forecasts of
scenario #1 were higher than those of scenarios #2 and #3 on average; the demand forecasts
of scenario 3 were also lower on average than those of the other two scenarios, which apparent
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Fig. 13 Percentage of patients’ allocation to each hospital in Pareto solutions for each scenario

from the percentage of demand that remains uncovered in each scenario. As both total time and
total risk decreased, the minimum allocation-to-demand ratio was reduced until the threshold
for covering each group of patients’ severity was obtained. For this reason, following Pareto
solution #4, temporary hospitals were not considered, and allocation to temporary hospitals
reached zero.

Figure 14 represents the total amount of uncollected waste. The amount of waste not
collected decreased with the reduction in the total risk. In addition, the establishment of
waste disposal centers reduced the total risk, which resulted in a reduction in uncollected
waste.
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Fig. 14 Total amount of the uncollected waste in each scenario

4.2 Sensitivity analyses

Various sensitivity analyses on certain key parameters were undertaken and presented in this
section to assess the performance of the proposed mathematical model. To this end, primarily,
the adjustments to the results made by decreasing and increasing the forecasted demand were
examined. As seen in Fig. 15, when the demand declines, the minimum allocation-to-demand
ratio increases; for example, if we lowered the demand by 20% of its actual value, the model
maintained a higher allocation-to-demand ratio overall. Furthermore, in cases where we
increased the demand, the minimum allocation of patients to hospitals generally decreased.

The sensitivity analysis of the demand parameter on the second and third objective func-
tions is shown in Fig. 16. As can be seen, the overall risk of the disease outbreak is reduced
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Fig. 15 The sensitivity analysis of demand parameter on the first objective function
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Fig. 16 The sensitivity analysis of demand parameter on the second and third objective functions

with a decrease in demand, which is due to less transportation and lower levels of uncol-
lected waste in hospitals. Furthermore, with a reduction in the demand, the total time also
decreases. The main reasons behind this behavior include the lower transport of patients
between hospitals and the lower level of medication distribution.

Disruptions in the capacity of the proposed network facilities are one of the main param-
eters that can impact all the objective functions. Therefore, the proposed model was solved
by considering different combinations of disruptions in order to identify the most effective
ones. Initially, the model was solved without considering any disruptions. Afterward, the
effects of each disruption were examined separately, and in the end, the model was solved
by considering all the disruptions simultaneously. The results of this proposed process are
shown in Fig. 17.

According to the results obtained from Fig. 17, the simultaneous influence of all disruptions
leads to the lowest allocation-to-demand ratio and causes high total time and total risk.
Moreover, since no disruptions lead to the highest allocation-to-demand ratio, the total time
and total risk are minimized. It can also be concluded that hospital disruption significantly
impacts the allocation-to-demand ratio. Correspondingly, disruption of distribution centers,
waste disposal centers, and waste transfer centers has a considerable impact on the total
time and total risk. This impact stems from less efficient medication distribution and waste
management. Thus, hospital disruption could be an important parameter of the proposed
model.
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Fig. 17 Values of objective functions by considering different combinations of disruption parameters
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Fig. 18 Sensitivity analysis of hospitals disruption

Figure 18 illustrates the sensitivity analysis of hospital disruption on objective functions.
Based on this figure, with greater disruption of hospitals, the minimum allocation-to-demand
ratio increased. Correspondingly, the minimum allocation-to-demand ratio decreased with
less disruption, which was predictable. Nonetheless, by changing the disruption parameter,
different behaviors of the second objective function were observed. The total time slightly
increased with a sharp decrease in the disruption parameter (Section a). This increase is
due to the rise in hospitals’ capacity, which increases the allocation of patients to hospitals.
On the other hand, due to the decrease in transportation time owing to greater access to
closer hospitals, the total time increase still remains slight. With a minor decrease in hospital
disruption (Section b), the capacity of hospitals slightly increased, which augmented the
allocation of patients to hospitals. However, this rise in the capacity of hospitals was not
effective enough for a more optimal patient allocation (allocation to closer hospitals). Hence,
the total time saw a more significant increase. With a slight increase in hospital disruption,
patients’ allocation decreased, which reduced the total time (Section c). Nevertheless, with
further growth in this disruption, the second objective function showed a different behavior.
With a significant increase in disruption parameter, since the capacity of hospitals is much
more impaired, and due to the lower optimized allocations (allocation of patients to distant
hospitals due to the lack of capacity in nearby hospitals), the total time considerably increased
(Section d). The lowest sensitivity to hospital disruption belonged to the third objective
function. By allocating patients to other hospitals in a situation where the hospital disruption
did not change, the transportation-related risks changed; they were smaller in comparison
with the risk of establishing temporary facilities. They, therefore, made minor changes in the
overall risk.
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5 Discussion

This section presents the main findings and outputs of our study. In the first phase of our
two-phase approach, the number of patients in future periods was forecasted using historical
data utilizing various neural networks with LSTM-RNN architecture to cope the uncertainty
in demand. After generating scenarios and reducing them using the K-Means algorithm, the
output obtained from the first phase was three scenarios for each group of severe and less
severe patients. Using the forecasted scenarios and developing the mathematical model by
monitoring the response to COVID-19 in most parts of the world, particularly the countries
with the highest number of COVID-19 cases, using expert opinions, and reviewing the liter-
ature review, the output of the second phase showed that temporary hospitals could reduce
the dramatically high pressure on the existing hospitals. It is feasible to transport less severe
patients to temporary hospitals and vacate equipped beds in the existing ones to treat patients
with severe conditions. This is particularly important since a high percentage of COVID-19
patients can recover by standard care (Baud et al., 2020).

A higher and better demand coverage leads to the following problems: the supply of
medications and waste management. Solving the proposed mathematical model, the necessity
to set up distribution centers is undeniable. This issue is important since by using of temporary
hospitals, a higher percentage of patients can be hospitalized, increasing the demand for
medications. On the other hand, due to the increased patient coverage, the amount of waste
generated in hospitals also rises. Therefore, locating distribution and temporary transfer
and disposal centers is highly important. For example, the sensitivity analysis showed that
disruption in distribution centers could reduce demand coverage and significantly increase
risk and time in the system.

One of the issues that has been less addressed in the literature is the consideration of an
objective function to minimize the network’s total transportation time. Taking transportation
time of patients and medications distribution and waste management into account is highly
impressive due to the high risk of disease spread and, consequently, the increase in the number
of patients. Managerial insights could be summarized as follows:

e Data-driven decision-making and using tools such as ANN to forecast demand can
help decision-makers overcome uncertainties more efficiently and improve the quality
of answers. Also, a more accurate forecast of the demand makes planning the resources
better and more equitable.

e By assigning an appropriate budget to set up temporary hospitals, the coverage of patients
can be maintained at a high level.

e Temporary waste management facilities such as temporary transfer and disposal centers
can help achieve improved waste management by reducing the amount of waste that is not
collected in hospitals.

e Facilities disruption can reduce patient coverage and increase transportation time and the
risk of disease outbreak. However, considering different demand and disruption scenarios
can reduce the destructive effects of disruption.

e Due to the tremendous increase in demand for medication needed by COVID-19 patients
and PPE, the location of distribution centers is very important. The lack of these items can
lead to an increase in the probability of death of patients and the probability of medical
staff infection and could disrupt the healthcare services.
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6 Conclusion

COVID-19 has caused disease and a high rate of disease-related death worldwide. Following
the widespread vaccination in most countries, it seemed as though the international com-
munity could effectively deal with the outbreak of this disease. Meanwhile, various virus
mutations have repeatedly shown up (as of this writing, the Delta and Omicron mutations),
indicating that we have a long way to go (Karim & Karim, 2021). One of the main concerns
with the widespread prevalence of this disease is the lack of adequate capacity in hospitals
to provide medical care to the affected people. Capacity completion of hospitals increases
the risk of mortality and, on the other hand, puts inordinate pressure on the medical staff.

Additionally, due to the high number of COVID-19 patients, other significant problems,
such as the supply of required medications and the management of waste generated by hospi-
tals, have become pivotal and require planning. Nevertheless, a missing link is the uncertainty
regarding the number of patients in future periods. Accordingly, this paper proposed a two-
phase approach for the SCND to respond to the COVID-19 pandemic. This approach could
contribute to the following decisions:

e Forecasting the number of patients in future time periods.

e Allocation of patients to hospitals.

e Locating temporary hospitals if the existing hospitals are under the condition of full capac-
ity.

e Distribution of required medications by locating distribution centers.

e Waste management with locating temporary facilities for waste transfer and disposal.

Given the fact that each neural network fits the data differently and delivers a distinct
forecast, the K-Means method was employed to obtain the demand scenarios. It is noteworthy
that methodologies like ML can make the decision process swifter and more accurate. In
the second phase, using the results obtained from the first stage, the mixed integer linear
TSSP model was proposed to optimally allocate patients to hospitals, establish temporary
hospitals, distribute required medications, and manage wastes. The proposed model also
considered different types of patient groups based on the level of disease severity, a minimum
threshold for covering these groups, and disruption of facilities. The objectives of the proposed
model include maximizing the minimum allocation-to-demand ratio, minimizing the total
transportation time, and minimizing the risk of the disease spread.

Despite the utility of the proposed two-phase approach, our investigation is not without
limitations. It is important to acknowledge that our approach may not have addressed all
potential challenges, such as issues related to vehicle routing, supplier selection for medi-
cations, supply of raw materials and products during an epidemic outbreak, or considering
sustainability aspects in mathematical modeling. Therefore, to address the limitations of the
presented approach, we suggest the following future research directions:

e Applying the two-phase approach outlined in this research to respond to another epidemic
disease, such as the monkeypox outbreak.

e Employing robust optimization methods to address uncertainty in modeling

e Considering the global supply chain for the supply of raw materials and products during
epidemic conditions

e Incorporate the supplier selection and order allocation problems in the proposed model

e Including vehicles routing and scheduling decisions in the modeling

e Considering sustainability aspects in the mathematical modeling.
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Owing to the adaptability of the proposed method, the findings of this study can be
used to manage similar situations, such as the case of another infectious disease. Also,
despite considering the specific features of the COVID-19 disease in the presented modeling,
the presented framework can be used in other areas, such as forecasting other goods or
services demand (first phase) and supply chains with commercial approaches (second phase).
Furthermore, it seems vital to investigate the COVID-19 vaccine supply chain similar to this
article.
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Appendix 1

See Tables 6, 7, 8.

Table 6 Hospitals accepting COVID-19 patients in Tehran

Hospitals Bed capacity Latitude Longitude

Firoozabadi-Rey hospital 520 35.5943945 51.4343476
Kashani hospital 104 35.6402461 51.4191037
Yaft-Abad hospital 177 35.6435813 51.3091893
Ziaeian educational and medical center 187 35.6575695 51.3568917
Shariat Razavi hospital 134 35.6757574 51.3263193
Shohadaye Gomnam hospital 163 35.6631518 51.4475564
Besat Nahaja hospital 780 35.6799936 51.4946576
Torfe hospital 234 35.6956125 51.4326459
Amir Alam hospital 299 35.6996335 51.4235131
Firouzgar hospital 728 35.7096129 51.408034

Imam Khomeini hospital complex 156 35.6541212 51.3979503
Hajar hospital 86 35.7274134 51.4100699
Bagiyatallah hospital 390 35.7559829 51.3929919
Labbafi Nezhad hospital 185 35.7675141 51.4604647
Masih Daneshvari hospital 377 35.8156572 51.4942882
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Table 7 Location of districts’ center
Districts Latitude Longitude Districts Latitude Longitude
District 1 35.8029384 51.46834 District 12 35.6801535 51.4264295
District 2 35.7555075 51.362355 District 13 35.717432 51.5351318
District 3 35.7671105 51.4312525 District 14 35.669389 51.4667743
District 4 35.7469847 51.5348134 District 15 35.6332757 51.4854205
District 5 35.7712488 51.3042435 District 16 35.642582 51.4042669
District 6 35.7264867 51.4024725 District 17 35.6537044 51.3685725
District 7 35.7222006 51.446178 District 18 35.6500037 51.3120996
District 8 35.7271855 51.5028226 District 19 35.6346276 51.3664915
District 9 35.6865153 51.3148395 District 20 35.590875 51.4408457
District 10 35.6838383 51.3668275 District 21 35.7113528 51.2151755
District 11 35.6800609 51.39545 District 22 35.7478881 51.19041
Table 8 Location of disposal
centers Disposal center Latitude Longitude
1 35.7877078 51.3985997
2 35.8133257 51.4665776
3 35.8167608 51.4989468
4 35.7811179 51.320419
5 35.7916067 51.430872
6 35.7332047 51.379835
7 35.7353326 51.3738804
8 35.6759258 51.3946918
9 357311486 51.5304127
10 35.6930459 51.2772299
Appendix 2

See Figs. 19, 20.
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Fig. 19 Performance of the proposed ANNs for predicting severe cases
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Appendix 3

See Table 9 and Figs. 21, 22, 23, 24).

Table 9 Demand forecasting results

Districts Severe

Less severe

t= t= t= t= t= t= t= t= t= t=>5
1 2 3 4 5 1 2 3 4
Scenario 1 109 109 108 109 109 178 178 178 178 178
1 2 151 151 150 151 151 248 247 248 248 248
3 71 71 71 71 71 117 117 117 117 117
4 199 199 198 200 199 327 326 327 327 327
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Table 9 (continued)

Districts Severe Less severe

Il
I
I
Il
Il
Il
-
I
W

t= t=
1 1

[
FNQES

t =
2

,\JH
w -
e
o -

5 186 186 185 186 186 305 305 305 305 305
6 55 55 54 55 55 90 89 90 90 90
7 67 67 66 67 67 110 109 110 110 110
8 93 93 93 93 93 153 152 153 153 153
9 38 38 38 38 38 62 62 62 62 62

10 71 71 71 71 71 116 116 116 116 116
11 67 67 66 67 67 110 109 110 110 110
12 52 52 51 52 52 85 84 85 85 85
13 53 53 53 53 53 87 87 87 87 87
14 107 107 106 107 107 175 174 175 175 175
15 142 142 141 142 142 233 233 233 233 233
16 56 56 56 57 56 93 92 93 93 93
17 61 61 60 61 61 100 99 100 99 100
18 91 91 90 91 91 149 149 149 149 149
19 55 55 55 55 55 91 91 91 91 91
20 80 80 79 80 80 131 131 131 131 131
21 41 41 41 41 41 67 67 67 67 67
22 40 40 40 40 40 66 65 66 66 66
Scenario 1 106 106 106 106 106 174 173 174 174 173
2 2 147 148 148 148 148 242 241 243 242 241
3 70 70 70 70 70 114 114 115 114 114
4 194 195 195 195 195 318 318 320 319 318
5 181 182 182 182 182 297 297 299 298 297
6 53 53 53 53 53 87 87 88 87 87
7 65 65 65 65 65 107 107 107 107 106
8 91 91 91 91 91 149 149 149 149 148
9 37 37 37 37 37 61 61 61 61 60
10 69 69 69 69 69 113 113 114 114 113
11 65 65 65 65 65 107 107 107 107 106
12 50 50 50 50 50 82 82 83 83 82
13 52 52 52 52 52 85 85 85 85 85
14 104 104 104 104 104 170 170 171 171 170
15 139 139 139 139 139 227 227 228 228 227
16 55 55 55 55 55 90 90 91 90 90
17 59 59 59 59 59 97 97 97 97 97
18 89 89 89 89 89 145 145 146 146 145
19 54 54 54 54 54 88 88 89 89 88
20 78 78 78 78 78 127 127 128 128 127
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Table 9 (continued)
Districts Severe Less severe
t= t= t= t= t= t= t= t= t= t=35
1 2 3 4 5 1 2 3 4
21 40 40 40 40 40 65 65 66 66 65
22 39 39 39 39 39 64 64 64 64 64
Scenario 1 104 104 104 104 104 168 170 169 169 170
3 2 144 145 145 145 145 233 237 235 235 236
3 68 68 68 68 68 110 112 111 111 112
4 190 191 191 191 191 307 312 310 310 311
5 177 178 178 178 178 287 291 290 289 291
6 52 52 52 52 52 84 85 85 85 85
7 64 64 64 64 64 103 105 104 104 104
8 89 89 89 89 89 144 146 145 145 145
9 36 36 36 36 36 59 59 59 59 59
10 68 68 68 68 68 109 111 111 110 111
11 64 64 64 64 64 103 105 104 104 104
12 49 49 49 49 49 80 81 80 80 81
13 51 51 51 51 51 82 83 83 83 83
14 102 102 102 102 102 164 167 166 166 167
15 136 136 136 136 136 219 223 221 221 222
16 54 54 54 54 54 87 88 88 88 88
17 58 58 58 58 58 94 95 94 94 95
18 87 87 87 87 87 140 142 142 141 142
19 53 53 53 53 53 85 87 86 86 87
20 76 76 77 76 76 123 125 124 124 125
21 39 39 39 39 39 63 64 64 64 64
22 38 38 38 38 38 62 63 62 62 62
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Fig. 21 All the clustered scenarios of the number of severe patients
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