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Abstract

The purpose of this article is to reach all those who find it difficult to become
well informed about the repercussions of a lockdown strategy to tackle the
COVID-19 pandemic and to spark discussion and thought. Here we use
simple stochastic simulations to evaluate different approaches taken to tackle
the crisis, along with the efficiency they will hold and the number of casualties
they may incur. It is clear that the less strict the social distancing the more
time it will take for life to return to normal, and the more lives will be at
risk. This is shown through simulations formed by an open sourced code,
which allows evaluation of the outcomes from different intervention scenarios
or conditions.

Introduction

As we know, different countries have taken different approaches to try and
keep the pandemic at bay; with China going on complete lockdown, the UK
only going on semi-lockdown with people still going to work, and Sweden not
taking any particular approach to locking down, the most efficient method is
unclear. It is hard for everyone to attain the necessary information, and the
information is usually rather difficult for non-experts to understand.

So, this article attempts to give people the necessary information about
the changing aspects of the COVID-19 pandemic from a scientific perspective
but in a simple manner, using only elementary level mathematics. Here, we
make the necessary tools available to undergo ‘experiments’ at home; open
sourced code is provided in order for people to see the outcomes of certain
actions by the formation of graphs or summary statistics. We hope that
using this material will help readers put numbers shared on the news into
context.

Another goal that this article aims to achieve is to make people under-
stand the consequences of their own actions when it comes to this pandemic
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– everybody has to do their bit, so it is crucial to have everybody understand
what it is that they exactly have to do.

Epidemiological and clinical observations

Since the outbreak of the COVID-19 virus, a number of studies trying to
explain the dynamics of the outbreak have been published. These studies
draw mainly from publicly available data of cases reported by hospitals,
WHO, China Centre for Control Disease and other health care organisations.

There seems to be consensus regarding the incubation period, which has
been reported with a mean of 5.0 days [1], 6.4 days [2], 5.5 days [3]. It seems
reasonable to assume this to be about 5.5 days perhaps with a range of 2 to
14 days, also consistent with the conclusions in [4]. However, as reported by
Xu [5] incubation appears to be longer in tertiary patients, which will have
an effect in our UK population.

From the time when symptoms appear to the patient’s hospitalisation (in
those cases when needed) the median is of 7.0 days [2], or as reported by Li
[1] between 3.3 and 6.5 days depending on the outcome.

Fatality rate of patients varies depending on whether we are looking at
overall cases or only those of hospitalised patients. Mortality for all known
cases vary from 2% and 3% [6] to 3.5% [2], while if looking at hospitalised
patients, the number goes up to 7% [7], 4% to 11% [6], 8.2% [4] and even
reaches 13.9% [8]. Demographic is a sizable variable in these rates, reaching
up to 50%–75% for the elderly and those patients with comorbidities [6].
Health care systems, as well, are major players in the outcome of hospitalised
patients.

Basic reproduction number or R0 has been reported between 2 and 3.5
[2], 2.2 and 3.6 [9], and 2 and 6.5 [6].

Finally, the number of asymptomatic cases is difficult to estimate. Three
cases of group isolation have allowed for some models to appear and asymp-
tomatic rate has been reported at 17.9% [10], 30% or less than a half [11] and
between 50% and 75% as reported by Prof. Romagnani from the University
of Florence [12].

Methods

A Markov Chain Model for COVID-19

We use a very simply Markov chain model to represent the dynamics of
the epidemic. In Figure 1 it is illustrated how individuals can move between
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Figure 1: A Markov Chain model describing how individuals can transition between states
after infection.

states. Starting from being healthy, they move to becoming infected, then
to shedding the virus (i.e. being contagious) before becoming symptomatic.
From symptomatic they can become sick (which we use to represent hospi-
talised) and may die. The recovery back to healthy (represented as immune,
which seems plausible [13], although it is not yet well-understood if reinfec-
tions can occur) can happen from either the shedding, symptomatic or sick
state.

People in the shedding and symptomatic state infect healthy people a
rate proportional to how many they are.

We model the transition probabilities, p1 to p7 following an Erlang dis-
tribution, represented as E but scaled when multiple outcomes from a state
is possible. This allows us to mimic observed dynamics of when people move
from one state to another.

The transition probability, p0 can be represented through a desired basic
reproduction number, R0 as it can be easily shown that:

R0 = p0

∞∑
i=0

(1− p2 − p5)
i + p0

∞∑
i=0

p2(1− p2 − p5)
i

∞∑
j=0

(1− p3 − p6)
j

To mimic the epidemiological and clinial observations summarised in the
introduction we use R0 = 2.75, p1 ∼ E(10, 4), p2 ∼ (1 − w5)E(3, 1.5), p3 ∼
(1 − w6)E(14, 2), and p4 ∼ (1 − w7)E(4, 1), We empirically consider the
recovery distributions and fix these as p5 ∼ w5E(5, 0.5), p6 ∼ w6E(10, 1),
and p7 ∼ w7E(6, 1) with w5 = 0.85, w6 = 0.9, and w7 = 0.95.

R [14] was used to implement the model and a markdown [15] implemen-
tation of all results is available as supplementary information.
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Results

Model Validation

To assess how well the model recapitulates what we currently know about
COVID-19 we conduct a simulation of the basic model and investigate the
distributions of time between events, as shown in Figure 2. We observe
a time from infection to becoming symptomatic between approximately 2
and 14 days with a mode around day 6. Time from symptomatic to sick is
observed to peak at 7 to 8 days and time from hospitalisation to death varies
between 1 and 10 days approximately.

Figure 2: Observed densities of time between events in the model.

To compare the initial trajectories for mortalities and hospitalised with
what has been observed in Italy and the United Kingdom, we overlay data
for either country as shown in Figure 3.

Simulating the UK

To understand the effect of the virus at population scale, we simulate the
effect of a constant R0 = 2.75 for a population of 60 million which is seeded
by 10 infected individuals on day 1. The results are shown on Figure 4 and
we observe an overall duration of the epidemic of 149 days, with the number
of people sick peaking on day 88. The overall mortality rate is 1.32%.
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Figure 3: Model simulations overlaid with observational data of reported cases and mor-
talities from Italy (4) and the United Kingdom (◦).

Figure 4: Model simulations with constant R0 = 2.75 and a population size of 60 million.
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Next, we consider the effect of social distancing. This can readily be im-
plemented in the model simply by redefining the basic reproduction number,
R0 at the day the measures are implemented to reflect a sufficient decline in
how many people each shedding or symptomatic person will infect. On one
extreme we have perfect social distancing with R0 = 0 but we also investigate
the effect of R0 = 0.5 and R = 0.75.

Day 55 is used for initiating social distancing since the simulations here
showed 337 dead and 5486 sick consistent with reported numbers on 23 March
2020 when the United Kingdom initiated lockdown.

Figure 5: Model simulations implementing perfect social distancing with R0 = 0 from day
55 for a population size of 60 million.

In the case of perfect social distancing the mortality rate is only 0.04%
(21474 dead) and the epidemic is resolved by day 90 with the number of
people sick peaking on day 70.

In the case of a more relaxed social distancing with R0 = 0.50 the mor-
tality rate is 0.13% (79781 dead) without having the epidemic resolved by
day 250 and with the number of people sick peaking on day 71. A somewhat
stricter social distancing with R0 = 0.25 would resolve the epidemic by day
189 and lead to 32998 dead.

Finally, if the social distancing is relaxed to R0 = 0.75 we observe a much
later peak in the number of people sick on day 112 and also a much larger
mortality rate of 0.55% (330964 dead).
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Figure 6: Model simulations implementing social distancing with R0 = 0.50 from day 55
for a population size of 60 million.

Figure 7: Model simulations implementing social distancing with R0 = 0.75 from day 55
for a population size of 60 million.
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Discussion

As can be seen from Figure 2, the simulations displayed above correlate
well with data found in the biomedical literature. As seen in Figure 3, the
number of deaths in Italy and the United Kingdom correlate well with the
predicted deaths. The number of recorded cases also conform well with the
simulation, however they may be slightly higher due to the larger number of
people getting tested than actually being hospitalised. All in all, it is clearly
seen that the simulation overall reflects the available data well.

Now, looking at the simulations for the UK, we can explore the different
outcomes for the different approaches taken. If, like Sweden, the UK were to
take the route of relying on herd immunity, as seen in Figure 4, almost all
of the population becomes immune (with the exception of the 1.3% of the
population that die). The length of time that this will take is just over three
months as seen in the graphs. So, the result of this approach would be a
relatively fast outcome with a large percentage of people immune, but with
the downside of having an estimated 800,000 mortalities.

However, the UK has not taken this approach and has instead decided to
adopt a social distancing approach and go on lockdown. If UK’s lockdown
goes perfectly (as shown in Figure 5), the pandemic will be resolved in roughly
1.5 months with only 21, 000 dead. However, seeing as UK is only going on
a semi-lockdown (with e.g. many people still going to work and using public
transportation), the likelihood of this seems very low. It seems much more
likely that the result of this semi-lockdown looks more like Figure 6, with 4.5
months of doing this semi-lockdown and with approximately 80, 000 dead.

We can also see what happens if the lockdown is even more relaxed, with
people going out at times that aren’t completely necessary because people
start to grow bored. If people do start to take this lockdown less seriously
— especially young people who believe that they will not get gravely ill due
to their youth – it might result in things looking more like Figure 7, with
the ‘lockdown’ taking over 6+ months and resulting in more than 300, 000
fatalities. This reflects just how important it is to stay at home; the more
relaxed we become the longer this is going to take with more deaths occurring,
which is what no one wants.

To conclude on the simulations, we can see that the less seriously lock-
down is taken, or the less strict we are about this lockdown, the longer this
will take. If this lockdown isn’t done to a high enough standard, it is evident
that this will take much longer, with the results not looking too different to
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that of taking the herd immunity approach.
We have made the code available to everyone to use. We encourage people

to use it and to look at the consequence of different national or international
actions. If, for example, one would like to test and see what would happen if
people start to relax after one month of strict lockdown, this can simply be
done by increase the R0 number at that point and evaluate the results. This is
one of the advantages from using a simply stochastic simulation approach as
presented herein, as opposed to more classical approaches in epidemiological
modelling based on differential equations [16].

Finally, one caveat. This is just a model (and all models are wrong
[17]) – further validation and stress testing, including sensitivity analysis of
the results to the choice of parameters should be done to understand the
limitations of the model predictions.
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