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ABSTRACT

COVID-19 is a disease that has surpassed the mark of 760 million confirmed cases and has caused more than 6.8 million
deaths, revealing the importance of seeking and studying strategies to control its spread. Therefore, the objective of this
work is to analyze two of the main mechanisms proposed to control the spread of this disease: confinement and vaccination.
To do so, a cellular automaton based on a SCEIRDV compartmental model was constructed, with susceptible, confined,
exposed, infected, recovered, dead, and vaccinated individuals. Simulations were performed in scenarios with and without
confinement and/or vaccination, mainly analyzing the number of deaths, the average number of infected individuals per day,
and the maximum number of individuals simultaneously infected. It was concluded that both strategies contributed to the
reduction of these indicators, especially when adopted together.

Keywords:
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RESUMEN

COVID-19 es una enfermedad que super6 la marca de 760 millones de casos confirmados, ademds de causar mds de 6.8
millones de muertes, lo que revela la importancia de buscar y estudiar estrategias para controlar su propagacion. Por lo tanto,
el objetivo de este trabajo es analizar dos de los principales mecanismos propuestos para controlar la propagacion de esta
enfermedad: el confinamiento y la vacunacién. Para hacerlo, se construy6 un autémata celular basado en un modelo com-
partimental SCEIRDYV, con susceptibles, confinados, expuestos, infectados, recuperados, muertos y vacunados. Se realizaron
simulaciones en escenarios con y sin confinamiento y/o vacunacidn, analizando principalmente el nimero de muertes, el
promedio de infectados por dia y el mdximo de individuos simultdneamente infectados. Se concluyé que ambas estrategias
contribuyeron a la reduccién de estos indicadores, especialmente cuando se adoptaron conjuntamente.
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SPATIAL SPREAD OF AN EPIDEMIC IN THE CONTEXT OF CELLULAR AUTOMATA

Cargnelutti Rossato, M et al.

1 INTRODUCTION

OVID-19 is a serious respiratory infection that has

a high transmissibility rate, recording more than

760 million cases and 6.8 million deaths around the world

(World Health Organization, 2023). A major initial concern,

in addition to the number of infections and deaths, was that

there were too many people infected simultaneously, which
could lead to hospital overload.

Consequently, some social isolation measures were sug-
gested as a strategy to try to avoid this overload and, at the
same time, a great mobilization was initiated for the devel-
opment of a vaccine for the disease. Thus, this work aims to
analyze the influence of confinement and vaccination mea-
sures in controlling the spread of COVID-19 through the
construction of a mathematical model that represents the spa-
tial spread of this disease and the performance of simulations
considering the different possible scenarios.

2 SUGGESTED MODEL

One of the first compartmental models in the area of epidemi-
ology was developed by Kermack and McKendrick (1927),
in which a system of three differential equations was de-
scribed to represent the variation of susceptible, infected and
recovered individuals. The compartments to be used in a
model must be chosen considering the characteristics of the
disease to be analyzed and the objective of the model (Heth-
cote, 2000). Therefore, to describe the spread of COVID-19,
we developed a compartmental SCEIRDV model, in which:

e S represents susceptible individuals, who are likely to
be infected by the disease or to take measures to protect
themselves, such as self-confinement or vaccination;

e C represents confined people, who protect themselves
from the disease by remaining isolated and not visiting
anyone or receiving visitors;

e E represents those who have had recent exposure to the
disease and have not yet developed symptoms, who are
less likely than infected people to infect susceptible;

e [ represents the infected who have been exposed to the
disease for a few days and are symptomatic, being more
likely to infect the susceptible;

e R represents recovered individuals, who had the disease
and developed a temporary immunity to it;

e D represents those who died from the disease, since
deaths from natural causes were not considered, and;

e V represents vaccinated individuals, who cannot be con-
taminated during the vaccine effect interval, even hav-
ing contact with exposed or infected people.

The compartment for dead individuals could be removed
without affecting any results, as they do not participate in

the transmission dynamics, but we have included it as a sim-
ple way to count their numbers. While it may be more in-
formative to assume that vaccination does not provide full
protection against infection and does not prevent vaccinated
individuals from transmitting the disease, we are consider-
ing the best possible scenario, in which vaccinated individu-
als cannot become infected and therefore cannot transmit the
disease. Although it is generally considered that exposed in-
dividuals cannot transmit the disease, we decided to consider
that they can infect at a lower rate than infected individuals,
as was done by Chowell and Brauer (2009).

To carry out the simulations, a cellular automaton was de-
veloped, which is a model of discrete states, time and space,
in which a state is assigned to each region of the domain,
which can be called a cell (De Vries et al., 2006). Thus, an
automaton of dimension 100 x 100 was constructed by the
authors, which can be understood as a matrix 100 x 100 in
which each element represents the state (susceptible, con-
fined, exposed, infected, recovered, dead or vaccinated) of
the individual living in the corresponding cell.

Initially, only 1 was considered infected near the center of
the domain, while all other 9999 individuals were suscepti-
ble. In Figure 1, the possible state changes are presented,
associated with the parameters that influence these changes.
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Figure 1: Diagram of the compartmental model SCEIRDV.
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Instead of considering that the spatial spread of the disease
would occur only through contacts between direct neighbors
and following the classic diffusion equation, it was defined
that, at each instant of time (which corresponds to one day),
each person would randomly interact with others three peo-
ple within 5 units horizontally and vertically of their position.
When there is contact between a susceptible individual and
an exposed or infected individual, the susceptible individual
may become exposed to the disease with probabilities p, or
pi, respectively. It should also be noted that the confined and
dead do not participate in these interactions, being excluded
from the interaction options of other individuals.

It is assumed that individuals exposed to the disease de-
velop symptoms and go to the infected compartment after
an incubation time of 7, days and, after #; days, an infected
person can die with probability p,, or recover with probabil-
ity p» = 1 — p,. A recovered person becomes susceptible
again after 7, days. Finally, at each instant of time, every sus-
ceptible individual can confine himself with probability p,
or be vaccinated with probability p,. The confined remain
totally isolated for a period of 7. days, then returning to be-
ing susceptible, and the vaccinated remain protected during
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an interval of 7, days and then also return to the susceptible
compartment.

In this model, we use stochastic components for the prob-
abilities that an individual will be infected, confined, vacci-
nated, and to determine whether the individual recovers or
dies after an infection. However, the times in which he re-
mains vaccinated, confined, exposed, infected or recovered
are presented in a deterministic way. An analogous com-
pletely stochastic model could be constructed using the re-
lation p = %, in which, for example, a confined individual
would have a probability of % to leave the confinement each
day rather than becoming deterministically susceptible after
t. days.

To estimate the parameters accurately, we reviewed several
articles. Li et al. (2020) reported an average disease incuba-
tion period of 5.2 days in the first 425 COVID-19 patients
in Wuhan, while Elias er al. (2021) analyzed 99 studies pub-
lished between January 1, 2020 and January 10, 2021, and
found an average incubation time of 6.38 days. Addition-
ally, Wu et al. (2022) obtained a mean incubation time of
6.57 days in 142 studies with a total of 8112 patients, which
could be even lower considering specific strains. Thus, we
set , = 6 days.

Studies have provided estimates of the infectious period
for the disease ranging from 5 to 14 days. The analysis
by Acuifia-Zegarra et al. (2020) estimated infectious periods
of 5.97 days for asymptomatic patients and 10.81 days for
symptomatic patients. Moreover, viral loads were found to
peak around 10 days after symptom onset, according to Zou
et al. (2020). Byrne et al. (2020) reported that the average
time from symptom onset to two negative RT-PCR tests was
13.4 days. In this work, we use #; = 10 days.

The duration of protection provided by the COVID-19
vaccine is difficult to pinpoint precisely, but studies suggest
a decline in its effectiveness between 3 to 6 months after
vaccination. Research has shown that the high initial anti-
body titers induced by mRNA vaccines diminish by this time
frame (Barouch, 2022), with mean antibody levels 4 months
after vaccination falling to just 6.3% of peak levels (Khoury
et al., 2021). Furthermore, a reduced efficacy against hos-
pitalization within 3 to 4 months post-vaccination has been
reported by Collie et al. (2022). Based on these observations,
we have set 7, = 120 days.

While Reynolds ef al. (2020) reported detecting neutral-
izing antibodies against SARS-CoV-2 at 16-18 weeks after
infection, other studies suggest the potential for reinfection
with an average time of 50.5 days (Dos Santos et al., 2021).
Additionally, Seow et al. (2020) observed that individuals
could maintain high levels of neutralizing antibodies for up
to 60 days after infection. In order to establish a parameter
between these observed values, we define ¢, = 90 days.

It is assumed that an individual will remain confined for an
average of 30 days and may face isolation again in the future.
Hence, we set 7. = 30 days. The mortality rate is calculated
by dividing the number of deaths from the disease by the
total number of cases, using data reported by World Health

Organization (2023). This yields pm = 7200005 ~ 0-009.

For any interaction between an infected person and a sus-
ceptible person, the probability of exposure for the suscep-
tible person is assumed to be 3%. Therefore, we define
pi = 0.03. In the case of an interaction with an exposed indi-
vidual, it is assumed that the probability of exposure for the
susceptible person is half of that, or p, = 0.015.

3 SIMULATIONS

In order to analyze the influence of confinement and vacci-
nation on the spread of the disease, the results obtained in
simulations with and without confinement and/or vaccination
will be presented, mainly evaluating the number of deaths,
average infected per day and maximum number of simulta-
neously infected individuals.

Table 1 presents the parameters used for each simulation,
with periodic boundary conditions and a total simulation
time of 1,095 days (approximately 3 years). The values of
pc and p, differ in each simulation, and will be discussed in
detail for each of the considered scenarios.

Table 1: Parameters

Parameter Value Meaning

te 6 days Incubation time

ti 10 days Infectious period

tc 30 days Consecutive confinement time

t 90 days Period of immunity from disease
ty 120 days Period of vaccine immunity
Pm 0.009 Mortality rate

pi 0.03 Infection rate by infected individuals
De 0.015 Infection rate by exposed individuals
Pe 0.01 —0.03 Confinement rate

Py 0.001 —0.005 Vaccination rate

First, in the simulation without confinement and without
vaccination, that is, with p. = p, = 0, a total of 403 deaths
were obtained, which is about 4% of the initial population
of 10,000 individuals. The evolution of the number of sus-
ceptible, exposed, infected, recovered and dead is shown in
Figure 2.

It is possible to observe that, without any containment
measures, the virus continues to spread with great intensity
even when there is a high number of deaths, with an aver-
age of 405.7 people infected per day. The maximum number
of people simultaneously infected is 1,255, occurring on day
927. Figures 3a and 3b show the day with the highest number
of infected people and the scenario after 1,095 days, respec-
tively.

Similar to the colors in Figure 2, the black squares repre-
sent the dead, the green ones are recovered, the red ones are
infected and the orange ones are exposed to the disease. The
only difference is that the susceptibles, previously displayed
in yellow, are now represented by white squares. It is noted
that at the end of the simulation there are still several foci
of infection, similarly to the day when there is the highest
number of infected people.

doi: 10.58560/rmmsb.v03.n02.023.03
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Figure 2: Result of the first simulation, without confinement and
vaccination.

(b) End of simulation, after 1,095
days

(a) Day when there are the most
infected

Figure 3: Spatial distributions of the simulation without
confinement and vaccination.

To carry out the second simulation, it was considered that
the confinement rate should start high and be reduced over
time, since there are several factors that lead people not to
isolate themselves at home for a long time, such as the need
to going out to work or the desire to meet friends and family,
for example.

Thus, an initial confinement probability of p. = 0.03 was
defined, which was linearly reduced until reaching p. = 0.01
at the end of 2 years (730 days), remaining constant at this
value until the end of the analyzed period, as can be observed
in Figure 4.

Again without vaccination (p, = 0), the simulation re-
sulted in 403 deaths, the same as the previous scenario. A
summary of this simulation can be seen in Figure 5.

By reducing the number of susceptibles through confine-
ment, it is observed that the oscillations of all compartments
are smaller and the peak of infected individuals in one day
is also reduced by one third to 837, which can help to avoid
overloading hospitals. Even so, the average number of peo-
ple infected per day is 398.1 people, which indicates that,
although confinement manages to reduce the number of peo-
ple infected simultaneously, there is no significant reduction
in the total number of infections, they only occur in a slightly
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0.0159
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Days

Figure 4: Evolution of the confinement rate over time.
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Figure 5: Result of the second simulation, with confinement and
without vaccination.

more homogeneous way over the days. The spatial distribu-
tion of the population on day 686, when the number of in-
fected people peaked, and at the end of 1,095 days are shown
in Figures 6a and 6b, respectively.

(b) End of simulation, after 1,095
days

(a) Day when there are the most
infected

Figure 6: Spatial distributions of the simulation with confinement
and without vaccination.

The colors are the same as shown in Figure 3, with the
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inclusion of cyan for confined individuals. It is observed that
the high number of confined means that the infection cannot
reach as many people at the same time as in the previous case,
but there is still a considerable oscillation in the number of
infected even after approximately 3 years.

The third scenario serves to analyze the impact of vaccina-
tion alone, therefore confinement is not carried out (p. = 0).
Estimating that people could start vaccinating approximately
1 year after the onset of the disease and that the vaccination
rate would increase as more vaccines were purchased and
more people could be vaccinated, it was defined that p, =0
initially, spiking to p, = 0.001 at t = 365 days and growing
linearly up to p, = 0.005 at r = 730 days, remaining con-
stant until the end of the analyzed period. The graph of the
vaccination rate over time is shown in Figure 7.

0.005 1

® \Vaccination rate

0.004 1

0.003 9

0.002 4

0.001 4

0.000 1 G

0 200 400 600 800 1000
Days

Figure 7: Evolution of the vaccination rate over time.

The evolution of the disease in this case is shown in Figure
8, which shows that there were 306 deaths, a reduction of
about 24% compared to previous cases.

10000 Susceptibles
Exposed
— Infected
8000 4 Recovered
— Dead
—— Vaccinated
6000
4000 4
2000+
0 /\\
T T T T T T
0 200 400 600 800 1000

Days

Figure 8: Result of the third simulation, with vaccination and
without confinement.

In this simulation, a large difference is observed in the
number of infected people before and after the start of vacci-
nation. While there is a peak of 1,022 infected on day 180,

the highest number of individuals simultaneously infected af-
ter the start of vaccination (disregarding the first days, as the
vaccine began to be applied at a time when the number of in-
fected people was close to maximum value) was 523 people,
on the day 582.

In this way, it is possible to observe that the vaccination
was able to reduce both the maximum number of infected
in one day and the average of infected over the days, which
dropped from about 400 to 301.7. The spatial spread on the
days when there is the highest number of infected people af-
ter the start of vaccination and after 1,095 days can be seen
in Figures 9a and 9b, respectively.
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(a) Day when there are the
most infected after starting

(b) End of simulation, after
1,095 days

vaccination

Figure 9: Spatial distributions of the simulation with vaccination
and without confinement.

In this case, blue squares are included to represent those
vaccinated. Analyzing the two scenarios, it is observed that
in Figure 9a, while the vaccination rate was still rising, there
are some large groups of susceptibles nearby, which facili-
tates the spread of the disease. Meanwhile, it is noted that at
the end of the 1,095 days, susceptibles are often surrounded
by vaccinated and recovered, which makes it difficult for the
disease to spread.

Finally, the last simulation analyzes the combined effects
of confinement and vaccination. Thus, it starts with p. =
0.03 which decreases linearly to p, = 0.01 in t = 730 days,
while p, = 0 during the first year, jumping to p, = 0.001 af-
ter 365 days and growing linearly up to p, = 0.005 atr = 730
days, as used in the two previous simulations. Combining the
two mechanisms to control the spread of the disease, there
were only 261 deaths, about 35% less than in the first simu-
lation, in which there was no form of control. The evolution
of the disease in this simulation is illustrated in Figure 10.

Up to day 365, the results obtained are identical to those
shown in Figure 5 and the maximum number of infected in-
dividuals is 719 on day 344. After the start of vaccination,
there is the lowest peak among all the simulations, with only
515 infected simultaneously on day 528. Figures 11a and
11b illustrate this peak of infected people and the population
distribution at the end of the simulation, respectively.

Contrary to the large waves of infection that were observed
mainly in Figures 3a and 6a, those infected seem to be more
spread out and fewer in this simulation, showing that vacci-

doi: 10.58560/rmmsb.v03.n02.023.03


https://doi.org/10.58560/rmmsb.v03.n02.023.03

7 of 8

SPATIAL SPREAD OF AN EPIDEMIC IN THE CONTEXT OF CELLULAR AUTOMATA

Cargnelutti Rossato, M et al.

10000 Susceptibles
Confined
Exposed

— Infected
Recovered

— Dead

— Vaccinated

8000 A

6000 1

4000 4

2000

T T T T T
0 200 400 600 800 1000
Days

Figure 10: Result of the fourth simulation, with confinement and
vaccination.
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Figure 11: Spatial distributions of the simulation with
confinement and vaccination.

nation and confinement managed to curb a little the spread of
the disease. Still in this simulation, the lowest average of in-
fected per day was reached, 282.9. A summary of the results
obtained in the simulations, considering the peak of infected
people after the start of vaccination in the cases in which it
was carried out, is presented in Table 2.

Table 2: Summary of simulation results

Simulation 1 2 3 4
Number of deaths 403 403 306 261
Peak of infected 1255 837 523 515
Average number of infected | 405.7 398.1 301.7 282.9

Analyzing the table, it is possible to observe that in the
second simulation, where there was only confinement, there
was no reduction in the number of deaths and the average of
infected was less than 2% lower, but the peak of infected was
reduced by about 33% when compared to the case without
any containment measures.

Meanwhile, considering only vaccination, there was a
24% reduction in the number of deaths, a 58% reduction in
the maximum number of simultaneous infections and an av-

erage number of infected people almost 26% lower. Finally,
in the simulation with both containment measures, 35%
fewer deaths, 59% lower peak of infected people and 30%
lower average number of infected people were observed.

4 FINAL CONSIDERATIONS

In this work, the authors developed a cellular automaton
based on a SCEIRDV compartmental model to simulate the
evolution of COVID-19 using parameters based on real stud-
ies on the disease. Analyzing the results summarized in Ta-
ble 2, it is possible to observe that the implementation of
confinement and vaccination measures separately has already
caused a reduction in some infection and mortality rates, but
the joint application of these two measures has reduced them
the number of deaths at about 35%, the peak of infected at
almost 59% and the average of infected at more than 30%,
being the most favorable strategy among those analyzed.

In future work, there are several implementations that can
be considered, such as changing the infection and/or mortal-
ity rates over time to consider the different variants of the
disease, for example. In addition, a completely stochastic
model can be built for comparison and the scenario in which
vaccinated people can also be infected can be considered. Fi-
nally, another idea is to introduce houses or clusters into the
model, to directly consider the possibility of exposure to the
disease through other individuals living in the same environ-
ment.
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