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Abstract

Early evidence during the first phase of the COVID-19 outbreak
shows that individuals facing the risk of infection increased their lev-
els of physical distancing even before relevant measures were imposed.
Not taking individual behaviour into account can lead policy mak-
ers to overestimate the infection risks in absence of physical distanc-
ing measures and underestimate the effectiveness of measures. This
paper proposes a behavioural-compartmental-epidemiological model
with heterogenous agents who take physical distancing measures to
reduce the risk of becoming infected. The level of these measures de-
pends on the government’s regulations and the daily new cases and
is influenced by the individual perception of the infection risk. This
approach can account for two important factors: (i) the limited infor-
mation about the exact infection risks and (ii) the heterogeneity across



individuals with regards to physical distancing decisions. We find that
the intensity of measures required to reduce infections is directly re-
lated to the public perception of the risk of infection, and that harsher
late measures are in general less effective than milder ones imposed
earlier. The model demonstrates that the feedback effects between
contagion dynamics and individual decisions make the extrapolation
of out-of-sample forecasts from past data dangerous, in particular in
a context with high uncertainty.



1 Introduction

The spread of the SARS-CoV-2 coronavirus has led almost all countries to im-
plement Non Pharmaceutical Interventions (NPIs), and in particular physical
distancing measures, in order to reduce infection risks. However, the timing
of implementation has greatly varied across countries, with some (most no-
tably UK and USA) lagging behind, especially during the first phase of the
pandemic. This delay has led both individuals and firms to take physical
distancing measures before governments’ implementation of NPIs. Figure
shows that people in the UK started avoiding public places and going to
work, and began wearing protective gear even before measures were impose

[Figure (1] here]

Figure[1] highlights the fact that individuals’ behaviour changes when fac-
ing the risk of infection. Social foundations of illnesses and societal responses
have been a key research topic in social epidemiology and social medicine
(for example, see [Marmot & Wilkinson, [2003; Manfredi & D’Onofrio, |2013;
Verelst et al 2016, and references therein). Given the autonomous response
of individuals to the perceived risk of infection, incorporating social and
behavioural perspectives in epidemiological models becomes paramount for
estimating the effects of NPIs. Not taking into account the feedback effects
between policy measures, rates of infection, and individual behaviour can
lead to both overestimating the infection dynamics and underestimating the
effectiveness of NPIs.

However, standard epidemiological models which build on the early works
of Kermack & McKendrick] (1927 )E], assume that the level of physical distanc-
ing depends exogenously on the level of measures imposed, hence not taking
into account behaviour of individuals confronted with the risk of being in-
fected and the heterogeneity of responses (Hong & Collins, 2006). Even
though several models incorporating different factors affecting infection dy-
namics exist within this literature (for example, see Fenichel, 2013; |Chen &
Toxvaerd, 2014} Eksin et al., [2019; |Galanis & Haniehl 2021, and references
therein), the consideration of physical distancing as an exogenous factor is
prevalent within models that analyse the contagion dynamics of the current

In the UK measures were imposed on 23/3/2020 while in the USA
in most cases after 20/3/2020. Survey data are publicly available at
https://yougov.co.uk/topics/international /articles-reports/2020,/03/17 /personal-
measures-taken-avoid-covid-19.

2For an overview of different types of mathematical epidemiological models see([Hethcote
(2000).



pandemic and aim to inform policyf]

The cross-fertilisation of epidemiology with economics has generated a
fast growing stream of literature (for a discussion see Atkeson), 2020; [Tox-
vaerd, [2020) that explicitly incorporates relevant individual decisions in epi-
demiological models (for example see Sethi, 1978; (Chen| [2012; Toxvaerd,
2019; Eichenbaum et al., [2020; [Toxvaerd, 2020, among others). The stan-
dard assumption is that agents possess full information on both the actual
dynamics of the epidemics and the influence of their actions, and use this
complete information set to decide about physical distancing.

We should note that a consistent inclusion of behavioural factors in epi-
demiological models should consider that not only full information about the
evolution of contagion is usually not available to the agents, but also that the
exact effect of individual decisions cannot be foreseen. Hence, in this con-
text, it is more reasonable to assume that individuals use heuristics based on
the available information and also that individual expectations, being based
on subjective assessments, are heterogeneous. To the best of our knowledge,
this paper presents the first attempt to propose a microfoundation of SIR
models with boundedly rational agents.

Our starting point is the baseline epidemiological SIR model (Kermack &
McKendrick, |1927) which describes the evolution of an epidemic by modelling
the transition rates of individuals between three compartments: susceptible
(S), infected (I) and recovered (R). We extend this model by allowing the
daily transmission rate to endogenously change due to agents’ choices, which
can be affected by policy measures. Our behavioural component is modelled
in the spirit to Simon’s (1954)) work on the use of heuristics due to individuals’
informational and cognitive limitations, while the specific assumptions have
similarities with the anchoring and adjustment heuristics (Tversky & Kah-
neman, (1974; [Kahneman), 2003)), which is widely applied in economic models
(for example see Camerer et al., 2011} Hommes, [2013). More specifically, we
assume heterogeneous agents who face a binary choice on whether to enact
physical distancing or not. Their decision depends on the current NPIs im-
posed, the new confirmed cases, and is influenced by their risk perceptionf_f]
The share of susceptible individuals who choose to physically distance af-
fects the dynamics on the contagion, which in turn determines the individual
perception about the risk of being infected, feeding back into the individual
decisions.

From a methodological point of view, we model the physical distancing

3See the models by [Prem et al.|(2020); Kucharski et al. (2020); |[Flaxman et al.| (2020)
and the surveys by [McBryde et al.| (2020)); Thomson| (2020).

4For a discussion of the factors which influence individuals’ risk perception see |Sjoberg
(2000).



choices drawing on the discrete choice theory (McFadden) [2001; Train), 2009)
and its numerous applications in finance (for example see |Lux] [1995; | Brock &
Hommes, |1997), 1998, |Chiarella & Hel, 2001; Chiarella et al., 2006; [Westerhott:
& Dieci, 2006 Dieci & Westerhoft, 2016|), macroeconomics (De Grauwe &
Grimaldi, 2005; De Grauwe, 2012), [2011; Flaschel et al., 2018; Hommes et
al.l 2018] 2019; Hommes & Lustenhouwer, [2019; |Assenza et al., [2021, among
others), and politics (Di Guilmi & Galanis, 2021). This approach has two
important advantages: (i) it allows for heterogeneity of agents’ behaviours
and (ii) it can be easily applied to the data. Our Behavioural SIR (BeSIR)
model contributes to and connects the discrete choice and the epidemiological
literature, and provides a policy-friendly framework.

We use the BeSIR model to study the effectiveness in reducing infec-
tion risk of measures that are different with respect to intensity and time
of implementation. Although this work is mainly motivated by theoretical
and methodological questions, we show that the BeSIR model can provide
interesting indications about the effectiveness of policy measures of different
intensities and implementation times. In particular we find that: (i) the in-
tensity of measures required at any time to actually reduce the infection risk
depends on both the infection level and the risk perception of the public; (ii)
harsher late measures do not in general reduce the risk of infection compared
to early mild ones, or, in other words, early interventions are substantially
more effective of late measures of the same intensity; (iii) an early lifting
of measures might not lead to a complete restart of social and economic
activities due to individuals’ autonomous assessments and choices.

The structure of the rest of the paper is as follows. Section 2 introduces
our modelling framework; section 3 presents the results, first identifying short
run equilibrium and analysing its implications, then numerically simulating
the model to provide some policy indications; finally, the last section provides
a concluding discussion.

2 Model

Consider a large population of agents N, each of whom makes a choice be-
tween physical distancing (D) or not (C') in the face of the risk of getting
infected. Considering one day as the time unit, in each period the popula-
tion is split between three compartments according to their condition with
respect to the virus: susceptible (S;), infected (I;) and removed (R;). Using a
SIR model, we consider both recovered and deceased individuals as removed.
The two categories are separated in SIRD (Susceptible-Exposed-Infectious-
Recovered-Deceased) models. Given that the population size is fixed, the



following identity holds for all ¢:

N:St+jt+Rt.

2.1 Infection dynamics

The dynamics between compartments are assumed to follow the standard
SIR model. The evolution of susceptible individuals is given by

Sil,
Spar = 5, = L (1)

where (3, is the average number of contacts per individual per day. Equation
is the standard way to express the evolution of susceptible individuals
in SIR models. Specifically, the dynamics of S is determined by the the
probability of a susceptible individual contracting the virus when entering
in contact with an infected person (%) weighted by the average number of
contacts per individual per day (/3;). Its rationale is in that the probability
of becoming infected depends on both the number of infected individuals (7;)
and the share of susceptible ones over the total population (S;/N). In the
initial periods, S; being relatively close to IV, for any level of I, a relatively
large number of individuals are susceptible to infection, leading to a fast
increase in the number of infected individuals as the virus spreads. However,
as the infection progresses and S; diminishes, less people are potentially at
risk of infection and, hence, the growth rate of infections I; declines.

The number of infected individuals evolves as follows:

BeSi

Iy = I + N

=1y, (2)

where 7y is the average daily probability that an infected individual becomes
removed. Hence, 1/ captures the average number of days that an individ-
ual remains infected. The quantity /v is known as the basic reproduction
number, usually denoted by Ry, which is assumed to be higher than oneﬂ
implying 5 > ~, otherwise the infection would die out quickly without any
intervention, the reduction in S; discussed above takes place.

Finally, the number of removed individuals is given by:

Riyy = Ry + 71, (3)

which ensures that N = S; + I; + R; for all t.

Early estimates (Flaxman et al., 2020) find Ry to be 3.8.



2.2 Individual behaviour

Our key addition to the standard SIR model is related to individual be-
haviour, which is at least partially independent of the measures taken by the
government. More specifically, we take into account the fact that individuals
recognise the risk of infection and autonomously enact physical distancing
measures. The aggregate physical distancing level is given by the total num-
ber of people choosing D, while the share of D over the total population is
quantified by the probability of an agent choosing D, which is identified by
PP. Hence, f3;, which quantifies the average number of daily contacts per
individual in (1), can be expressed as a function of of P according to

B =B(1— PP). (4)

where [ is a positive constant measuring the sensitivity of the public to the
possibility of being infected. Let PP be the baseline level of physical dis-
tancing without measures (PP can also be considered as the normal level
of physical distancing in the absence of an epidemic). Along the lines of
discrete choice models (McFadden| 2001; [Train, 2009), we assume that in-
dividual choice (and hence PP) depends on a vector of observable factors
x; and unobservable individual characteristics ¢;, with i = {1,..., N} and ¢;
assumed to follow a logistic distribution (Train) 2009)). More specifically in-
dividual i chooses D if the utility of choosing D, indicated by U}, is positive.
The utility U} is given by

Ul = az; + €, (5)
where « is a row vector which captures the intensity of choice, which quan-
tifies the relative weight of the observable components with respect to the
unobservable factors. Since any individual ¢ chooses to physically distance if
Ul > 0, the probability PP of choosing D at t is

1
1+ e—om ©)

We consider two observable factors: daily confirmed cases per capita and the
costs ¢, of choosing D. We assume that the public focuses only the daily
confirmed infections (which are equal to S; — S;_1) as an indicator of the
infection dynamics for their heuristics. Thus, an increase in confirmed cases
leads to an increase of physical distancing levelsE]

PtD

SEarly survey studies mostly focus on the relationship between cultural background
and individual decisions about physical distancing (see for example |Canning et al.| {2020
Castle et al.| 2021} [Jefferson et al.| 2020). However, there not seem to be an empirically
grounded consensus about the drivers of individual decisions about physical distancing.
Our choice of the daily number of infection finds support in the emphasis that daily media
and official government communication have given to this measure.



Within the SIR framework, all infected individuals are also infectious
since the incubation period, during which individuals are exposed but with-
out symptoms, is not considered. In contrast, the SEIR (Susceptible-Exposed-
Infectious-Removed) models explicitly include the incubation period. In this
paper, we allow for a lag between contagion and recording of new cases in
the extension of the present model that is numerically analysed in section
B.2.201

Figure [2| shows the confirmed cases in the UK and US in the first period
before any NPIs were imposed.

[Figure [2] here]

The parameter ¢, quantifies the social and economic costs of physical dis-
tancing in the absence of measures. We assume that these costs are reduced
when NPIs are in place due to the absence of social activities and potential
loss of income, such that a decrease in costs increases the physical distancing
levels. Hence, we define

- [ .

—Cp,

Without loss of generality, we assume that
o= {Ozx 1} (8)

with «, capturing the relative importance of the first component. Intuitively
a, can be thought as a relative measure of the risk perception of individuals
for a given number of new infection cases (S; — S;_1). Accordingly, from @,

and , we can express as

6eaz(5t—5t71)+cn

/Bt = 1 + eaz(St—St_l)—i—cn ) (9)

Equations , , and @ constitute our BeSIR model. The model in-
cludes two policy parameters: c¢,, which is directly related to NPIs, and the
risk perception «,, which can be impacted by the government, for exam-
ple, by disseminating public information on the level of health risk and the
transmissibility of the virus.

3 Results

This section provides an overview of the results. The model is first analyt-
ically solved to identify the critical threshold that the policy should target

"For a full treatment of a behavioural SEIR model, see |Galanis et al.| (2020).



in order to reduce the diffusion of the infection. The numerical simulations
provide some indications about the impact of size and timing of containment
measures.

3.1 Short run endemic equilibrium

The short run endemic equilibrium captures the situation where each infected
individual infects exactly one susceptible person during the period in which
they are infected. This situation corresponds to a reproduction number equal
to 1, which is the critical threshold that a containment policy should achieve
in order to avoid an exponential contagion. Following our discussion of equa-
tion , a unitary reproduction number implies that the following condition
holds

pr = Vit (C1)

The equilibrium exists if and only if for a given level of I and S there exists
a level of costs ¢,, such that is satisfied. Note that this condition is equiv-
alent to the condition of a stationary I; = I with S; ~ N. This assumption
allows us to simplify the short run endemic equilibrium condition to

66_az')’l+cn _
T4 oomiio =7 (10)
which gives the equilibrium value of ¢, as a function of the level of risk

perception «,
¢n = In(y) = In(B — ) + a7yl (11)

Equation reveals that the cost level in the short-run endemic equilibrium
depends positively both on the the infection level at the equilibrium and on
the level of risk perception. More precisely, in order to achieve a unitary
reproduction number, a more aggressive policy is required if the public is
very sensitive to the probability of infection, quantified by 5. The sensitivity
to the daily number of infections, quantified by «,, compounds the effect
of the probability of removal, v in raising ¢, and therefore making physical
distancing behaviour more likely.

The result in equation highlights the complementarity of the two
effects that influence individual decisions and provides an analytical repre-
sentation of their interaction with the quantities of standard SIR models.
However, identifies a critical threshold rather than a desirable equilib-
rium, since a containment policy should aim to lower I to a level that makes
the infection manageable for the health system. While the analytical solution
provides insights about the required magnitude of measures, proxied by the



level of ¢,, numerical simulations are needed to quantify the effect of their
timing.

It is worth noticing that we would achieve the same short-run endemic
equilibrium by adopting a SEIR model, and imposing the unitary reproduc-
tion number condition as in However, a difference would emerge in the
adjustment phase, since the new actual cases would be not be equal to the
confirmed cases due to the incubation period. Under the assumption of in-
dividuals reacting to new confirmed cases, the physical distancing practices
would in general be less effective, especially during periods with high infec-
tion rates. We investigate through numerical simulations the consequences of
introducing a lag between infection and new case recording in section [3.2.2]

3.2 Simulations

This subsection presents the result of numerical simulations of the model
and the sensitivity analysis to the main parameters. We also propose some
extensions to test the robustness of the results of the baseline version.

3.2.1 Baseline model

For the numerical simulations of the model, we set v = 1/5 (Prem et al.,
2020) and Ry = 3.8 (Flaxman et al. 2020). The data used to calibrate the
level of physical distancing start in early March (the 15 for the UK and
the 2" for the US). The share of total people enacting physical distance is
proxied by the average of those who have declared avoiding going to work
and avoiding public places. Setting P = 0.1, we calibrate § = 0.43 and
co = 0.954 as shown in the appendix.

In order to assign a reasonable value to a,, we assume that an increase in
the contagion rate of 5% will lead all those who can to physically distance,
and therefore calculate o, = 88, such that for A(l; + R;)/N = 0.05 we
have PP = 0.9, as detailed in the appendix, which can be regarded as the
maximum level for P” considering that frontline workers and other categories
of people cannot choose to stay home. Finally, we define t;, ¢; as the time of
the implementation of NPIs and their size, respectively.

The simulations show the effects of different timing, duration, and strength
of NPlIs.

[Figure [3] here]

Figure [3| shows the baseline simulation with ¢; = 40,¢; = 0.25. The
different compartments seem to follow the general pattern observed in the



data. Interestingly, the probability of physical distancing initially spikes after
the intervention and then falls in a non-monotonic fashion, which resembles
to what we observe in figure [T}

[Figure (] here]

Figure [4] compares the effectiveness of timing vis-a-vis size of NPIs. The
figures report the steady state of removed individuals (as a proxy of total
infections) for three levels of ¢, corresponding to different intensities of in-
terventions, and different times of implementation (expressed in days). It
is evident that a stronger intensity of measures can never compensate for
delay in implementation. The consideration of behavioural feedback shows
that earlier, although less strict, measures are more effective in limiting the

spread.
[Figure |5| here]

Despite we are now more than a year into the pandemic, the timing of the
lifting on interventions is still subject to debate. Since lifting of measures in
most cases has led to successive waves of contagion, it is crucial to achieve a
more precise understanding of the resurgence of infection after restrictions are
relaxed. Figure|b|shows the behaviour of the model’s variables when physical
distancing measures are lifted (early) before the infection peak (black line)
and (late) after the peak (red line). An early lifting, and the consequent
contraction in physical distancing behaviour, can possibly lead to a second
wave of infection (as seen in the dynamics of 1), which is curbed only when
individuals spontaneously enact distancing measures. The resurgence in new
infections in case of later lifting is substantially more contained.

Since the effects of measures seem to be compounded by the behavioural
factors, extrapolating out-of-sample forecasts exclusively from previous trends
can be dangerous. Indeed, in many instances, restrictions were eased as soon
as the upward trend of infections showed signs of inversion, only to be fol-
lowed by a new wave. However, the North-East panel of figure [5| shows that
even a small rebound in the probability of infection can lead to the sizeable
resurgence in cases (displayed in the South-West panel). This risk can be
amplified by a lower level of compliance due to “tiredness” after long spells
of lockdown and limitations.

Given the centrality of behavioural factors, we conclude the analysis with
a sensitivity study on the level of risk perception, quantified by «,.

[Figure [6] here]

Figure [6] plots the steady state levels of R as a function of «, for different

9



levels of restrictions. Unsurprisingly, for the same intensity of behavioural
factors, stricter measures are more effective. However, higher levels of risk
perception «, can significantly improve the effectiveness of measures. Fur-
thermore, very high levels of a, can compensate for lower levels of restric-
tions. This is visible from the fact that, in order to obtain the same level of
R in the plot (say 6.5x 10°%), in the absence of behavioural feedback (c, = 0),
the measure must be relatively strict, while they can be relatively loose for
very high levels of a,.

In terms of policy, the results of the sensitivity analysis stress the need of a
careful dissemination of information and of a strong contrast to misinforma-
tion, which can require stricter measures to compensate for a low perception
of risk in the public.

3.2.2 Extensions

The behavioural component of our BeSIR framework implicitly assumes that
individuals, in estimating the infection risk, factor in the imperfect monitor-
ing of cases and are therefore aware that they observe only a (constant)
fraction of the actual new cases. However, the low testing rates in the ini-
tial phase of the pandemic and the consequent higher uncertainty about the
reliability of infection rates, might have possibly led to a lower level of risk
perception for a given actual number of infections. In our model, this under-
estimation can be rendered by introducing a constant 0 < € < 1 in equation
@D such that it becomes:

Beazs(sﬁé’t—1)+0n

ﬁt Vit < T. @-b)

- 1 _|_ eaw(st_stfl)‘f'cn

assuming that the regime of low testing rates lasts up to period 7. Figure[7]
presents the simulation of the model using @-b) with ¢ = 0.5 and 7 = 115.

Comparing figures [3]and [7}, we note that the infection rate peaks at a no-
ticeably higher level in the latter while the probability of physical distancing
rebounds and does not show the smooth decline visible in figure [3] However,
in the long run, the number of recovered appears to be comparable in the
two scenarios.

As mentioned above, a full consideration of possible delays between infec-
tion and recording due to the incubation period would require the adoption
of a SEIR model. However, our BeSIR model is flexible enough to incor-
porate the case of lag in reporting. The probability @D can be modified to

10



include a variable lag L and be re-expressed as

/Beaz(st—L_St—L—l)"l‘Cn
/Bt - 1 + eax(sth_Sth)"FCn ' @-C)

The results are shown in figure [§| for L = 1 and L = 4. In general, the effect
is qualitatively similar to one displayed in figure [7] for initially lower «, with
a higher share of infections at the peak and a rebound in the probability of
physical distancing. It is possible to observe that, in this case, the percentage
of infections is higher and that, comparing the two lines corresponding to the
two different lags, the effect of increasing the lag in reporting seems to impact
more the timing of the dynamics rather than the size of the outbreak. Overall,
the baseline model appears to be robust to different specifications concerning
the individual behaviour and reactions to the evolution of the contagion.

4 Concluding Remarks

Motivated by early data on individual behaviour facing the risk of infection
from COVID-19, this paper aims to introduce a new modelling framework,
the BeSIR model, which takes into account individual behaviour and use
this novel approach for the assessment of policies aiming to reduce the risk
of infection. The modelling strategy, consolidated by the extensive literature
on discrete choices, is here applied to endogenise the physical distancing
decisions, which are assumed to be dependent on the individual assessment
of contagion risk and the cost of physical distancing, which is affected by
policy measures. Consequently, the BeSIR model can be used for an analysis
of the effectiveness of NPIs, which includes the possible reaction of the public
to the evolution of the outbreak and the policy response.

The results show that the level of measures required to contain infections
is directly related to the public perception of the infection risk and that
harsher late measures are in general less effective than milder ones imposed
earlier. Furthermore, the model demonstrates that the feedback effects be-
tween contagion dynamics and individual decisions make the extrapolation of
out-of-sample forecasts from past data dangerous, in particular in a context
with high uncertainty.

At the present stage, our contribution is mainly methodological and the-
oretical. However, this approach can be easily extended to larger models
to include (a) more compartments, such as ‘exposed’ and ‘deceased’, whose
consideration can change the aggregate physical distancing behaviour, (b)
different social groups with different abilities and attitudes towards physi-
cal distancing and (c) study in more detail the factors which influence the

11



risk perceptions of individuals. The framework is flexible enough to include
a stochastic element in the dynamics of infection, due for example to the
opening of national and regional borders. Finally, given the suitability of the
discrete choice approach for empirical testing, the present framework can be
extended through a more refined estimations of a more comprehensive model,
in particular when more empirical and survey data will be available.
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Appendix

_ pD
In order to determine 3, we consider that w = Ry, such thatg = % ~

0.43. In order to quantify the values of ¢y, o, we first assume that PP = 0.1
at t = 0 when A(l; + R;)/N =~ 0. Accordingly, without NPIs,

1

——F— =0.1
1+ e ’

such that ¢g = log(9) =~ 0.954. With this result, we can estimate «,. Given
that ——— -5 = 0.9,, it follows that o, ~ 88.
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Figure 1: Physical distancing practices in the UK and USA. Survey data
from COVID-19 Public Monitor created by YouGov and the Imperial College
London, sourced at https://yougov.co.uk.

18



Daily confirmed cases

L,
1500000+ /
7/
/
o 10000001 / Country
é@ / === United Kingdom
/ = S
500000
/
/
0
A -
/Qr)/ /Q(o
s e
Days

Figure 2: Daily confirmed cases in the UK and USA. Source: WHO Coron-
avirus Disease (COVID-19) Dashboard.
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Figure 3: Baseline simulation: susceptible individuals (top-left), probability
of physical distancing (top-right), infected individuals (bottom-left), removed
individuals (bottom-right).
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Figure 4: Steady state of R as a function of ¢; for different values of ;.
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Figure 5: Simulation with lifting of measures at time 90 (black continuous
line) and 120 (red dashed line): susceptible individuals (top-left), probability
of physical distancing (top-right), infected individuals (bottom-left), removed
individuals (bottom-right)
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Figure 6: Steady state value of R; as a function of «a, for different values of
C;.
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Figure 7: Simulation with probability defined as in [Ofc, with e = 0.5 and
7 = 115: susceptible individuals (top-left), probability of physical distancing
(top-right), infected individuals (bottom-left), removed individuals (bottom-
right)
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Figure 8: Simulation with probability defined as in @I—c) and lags equal to
1 day (black line) and 4 days (blue line): susceptible individuals (top-left),
probability of physical distancing (top-right), infected individuals (bottom-
left), removed individuals (bottom-right)
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