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A Constant contacts model’s basic reproductive number and final
epidemic size

We use the next generation approach [II, 2], to compute Model’s (1) basic reproductive number. We consider

the infectious compartments F, I and A and define
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where the next generation matrix is given by —FV ~!|gs_y and the basic reproductive number given by its

spectral radius
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with F' and V representing the Jacobian matrices of F and v, respectively. The basic reproductive num-
ber (A.1)) accounts for the average secondary infections produced by exposed (ﬁ 2), symptomatic compliant
(1—0o)l

(ﬁ%), symptomatic non-compliant (ﬁf) and asymptomatic individuals B%) Notice that in

the absence of compliant individuals (I = 1), asymptomatic infections (o = 0), and infectious exposed individuals
(p = 0), the basic reproductive number takes the traditional form R = g

During the initial stage of an epidemic, the disease initially propagates in the absence of sanitary recom-
mendations on a population almost completely susceptible. In the absence of human adaptive response, the
potential of an epidemic to propagate among the population is captured by its basic reproductive number. We
use expression to explore the trade-off between the proportion of initially asymptomatic infections and
the proportion of symptomatic individuals that makes an epidemic mathematically sustainable (Ry > 1), in the

absence of behavioral response.
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Figure A.1: The trade-off between the proportion of asymptomatic and their relative infectiousness producing
Ro = 1, for scenarios where of 25%, 50%, 75% and 100% of the symptomatic individuals are non-compliant
(I = 0.25,0.5,0.75 and | = 1, respectively). A COVID-19 like epidemic, initially propagating in the absence
of sanitary recommendations (I = 1 and Rg = 2.4), is mathematically sustainable whenever the proportion of
asymptomatic cases is less than 80%, regardless of their relative infectiousness. Parameter values: v = %, K=
1,8 =10.01324,C;, = 48,p = 0.25 and 1 = 0.4.

Figure shows the level curves Ry = 1 as a function of the proportion of asymptomatic individuals
(o) and their relative infectiousness (¢€), for scenarios where of 25%, 50%, 75% and 100% of the symptomatic
individuals are non-compliant (I). Our simulations show that a COVID-19 like epidemic, initially propagating
in the absence of sanitary recommendations (I =1 and Ry = 2.4), is mathematically sustainable whenever the
proportion of asymptomatic cases is less than 80%, regardless of their relative infectiousness. In other words, at
the early stage of the epidemic, a force of infection driven solely by symptomatic cases is enough to propagate
the disease among the population.

We derive the final epidemic size relation and the attack rate relation of the constant contact rates model,
as function of the proportion of asymptomatic cases and their relative infectiousness. By assuming S(0) = N,
E(0) = Is(0) = I=(0) = A(0) = R(0) = 0 and, by adding the first two equations in model (1) in the main text
we get S+ E = —kE, then E* = 0 and E = (N — %)L, where f(t) = [° f(s)ds and £ = lim;_oo f(t).
Following the same reasoning Ig = (N — SW)W, Io = (N - Sm)@ and, A = (N — 5°°)2. From
model’s (1) first equation the secondary infections in the population are given by the final epidemic size relation

1og<51\;) :5<£+(1—a>7(1_1)n+ (1—70)z+gj) (1_5;0)
- <5{\°f°> - (1_?) (A:2)

Denoting the proportion of susceptible individuals at the end of the epidemic by s> = %7 it follows that

y = 1 — s*° denotes the proportion of infected individuals during the course of the epidemic, the attack rate.

By using expression (A.2) we get
log(s™) = (s — 1)Ro (A.3)

which in terms of infected indidivuals becomes
y =1—exp(~yRo) (A.4)

where the solution y* of (A.4), stands for the attack rate and, where R is a function of the proportion of

asymptomatic cases and their relative infectiousness Ro(e, o, p,n,1).
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B Optimal behavioral decisions via Bellman’s equations and dynamic
programming

In this section we illustrate the dynamic programming method we use to solve the proposed Bellman’s equations
via backward induction over the planning horizon [¢t,¢ + 7]. In order to obtain the optimal contact rate at
current time ¢, we make use of the Bellman’s principle of optimality. The dynamic optimization problem
over the whole planning horizon is split into a sequence of subproblems over sequencial periods [t,¢ + 1],
t+1,t+2), - t+7—-1,t+7].

To solve the dynamic programming problem backwards on time we need boundary conditions. Notice that

the following relations holds regardless of the individual’s health status h,
o Viyr+1(h) =0, since it exceeds the boundary of the planning horizon [t,t + 7],
o Vit (h) = upy,(h), since it is the last period of the planning horizon.

Now, let’s analyze backwards induction method to solve susceptible individuals’ Bellman’s equation. To find

the optimal contact rate at current time, we assume a constant projection of the system’s current state.

e Susceptible individual’s optimal contact choice at time ¢ + 7
Since this is the last period of the planning horizon, individuals do not assess future risk or benefits beyond
the current day. Therefore the optimal decision at ¢ + 7 is the contact rate that maximizes individuals’
immediate utility,
Vier (S) =u(S,C*), and Vii.(E)=u(E,C")

where C* = b/2.

e Susceptible individual’s optimal contact choice at time ¢t +7 — 1
To find the optimal contact rate at this period we should make use of the previously found optimal choice

at time ¢ + 7. The optimization problem becomes

Vitr-1(8) = max {u(S, Cpir_1) +0[(1 = PViyr () + PH(Viyr (E))]},

= Iéla)f {u(S,CPr 1) +6[(1 = Phu(S,C*) + P! (u(E,C*))]},
finally
Vier1(8) = max {u(8,C5,_y) +6[(1 — PVYu(8,C") + P (u(B,C*))]} (B.1)

t4r—1

where P! (the probability of being infected) is known from the system’s state at time ¢

Pl =1—exp (—/3055 OFpE + CfteA + Cinls + Cilo )
- ; .

CSS+CFPE+CAA+ClsIs + Cl¢Ic + CFR

The optimal contact rate for the period ¢ + 7 — 1, can be obtained from equation (B.1l) by evaluating all

the possible contact rates.

e Susceptible individual’s optimal contact choice at time ¢ + 7 — 2
To find the optimal contact rate at this period we should make use of the optimal choices at ¢t + 7 and

t + 7 — 1. The problem becomes

Viira(8) = max {u(S, G5, o) +8[(1 = PYWVerr1(S) + P! (Viur 1 (E))]}, (B.2)

tT—2
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notice that we require V;,_1(E) to solve equation (B.2)). Here we make use of the Bellman’s equation

for exposed individuals, at the period t +7 — 1,

V:‘,Jr'rfl(E) :u(Ea Céirfl) + 5[(1 - PE)‘/H»T(E)
+ PP (Vi (A) + (1 = 0)[(1 = DVigr (Is) + WViy- (1)),

that is

Vigr—1(E) =u(E,Cp\ ) + 6[(1 — PP)u(E,C)
+ PE(ou(A,C*) + (1 — 0)[(1 — Du(ls,C*) + lu(Ie, C*)))).

=u(E,CPy, ) +0[(1 = PP)u(B,C7)
+ PE(ou(A,C*) + (1 — 0)[(1 — Du(Is,C*) + lu(Ic,C*)])],

(B.3)

Notice that we use u(E, C{ . _;) instead of u(E,CF . _,) since we assume exposed individuals are unaware

of their health status and chose the contact rate that corresponds to the susceptible health state. Therefore,

Vitr—1(E) is known, and equation (B.2) can also be solved by optimizing over all the possible contact

rates.

By continuing the backward induction it is possible to solve for the optimal contact rate at each time during

the planning horizon, and particularly for the current time t. Since in our epidemic model we only care about

the optimal contact rate for the period t + 1, we use C'ts+1 as the contact rate chosen by susceptible and

non-symptomatic individuals to run the epidemic model one period ahead.

Table B.1: Recursive dependence of the optimization problem

Health class t+717—3 t+71—2 t+7—1 t+ 71
S S, E,Is,Ic,A,R | S,E,Ig,Ic, A S, E S
E E Is,Ic,A,R | E,Is,Ic,A R | E,Is,Ic, A E
Ig Is, R Is, R Is, R Is
Ic Ic, R I, R Ic, R Ic
A AR AR AR A
R R R R R
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C Sensitivity analysis

Summary

Table C.1: Sensitivity summary

Parameter | Description Range
p Exposed ind. infectiousness [0, 0.5]
b Maximum number of contacts per day [24, 48]
v Utility function shape parameter [0.05, 0.2]
) Discount factor [0.99939, 0.99986]

e Increments in the exposed individuals infectiousness p

— Increases the peak size and the attack rate.

— Reduces the peak time.

Produce stronger adaptive response: increases contacts reduction during the peak time.

Reduces the asymptomatic infectiousness e for which the attack rate overcome the attack rate in the

absence of asympto
e Maximum number of daily contacts b
— We found the adaptive behavior model to be low sensitive to changes in b.
e Increments in the utility function shape parameter v

— Increase immediate utility and the marginal benefit of increasing contacts.
— Delay the adaptive response and, in consequence the peak time and the attack rate.

— Produce a weaker adaptive response: lower reduction of contacts.
e Increments in the annual discount rate &

— We found the adaptive behavior model to be low sensitive to changes in §.

Exposed individuals infectiousness p

Since the infectiousness of infectious pre-symptomatic individuals is unknown, for our simulations we assumed
the exposed sub-population have a reduced infectious rate relative to symptomatic individuals, p = 0.25. In
this section we aim to study the impact of variations in the relative infectiousness of exposed individuals on the
evolution of disease transmission and the final epidemic size.

Selected simulations in Figure show the impact of the relative infectiousness of exposed individuals on
the evolution of the disease dynamics for the constant contacts model (dashed lines) and the adaptive behavior
model (solid lines). We explored the scenarios where exposed individuals are 0%, 25% and 50% as infectious as

symptomatic individuals, for the set of parameters in Table (1) with ¢ = 0.3 and € = 0.6.
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Figure C.1: Disease dynamics under constant contact rates (dashed lines) and under adaptive behavior (solid
lines). Exposed individuals’ relative infectiousness of p = 0,0.25 and 0.5, for the parameters set in Table (1)
with 0 = 0.3 and € = 0.6. Increments on the exposed individuals’ relative infectiousness increases the peak size

and decreases the peak time. Moreover, the final epidemic size is increases and the behavioral response.

Greater exposed individuals’ relative infectiousness increases the peak size and the final epidemic size, while
decreasing the peak time. In these scenarios, the adaptive response is triggered earlier but at the same prevalence
level. Moreover, higher p values lead to greater reduction of contacts.

In Figure we explore the impact of changes in the relative infectiousness of exposed individuals on the
attack rate, for the cases where p = 0,0.25 and 0.5. We focus on the (o, €) scenarios producing an attack rate

greater than the one corresponding to the baseline scenario, no asymptomatic infections (o = 0).
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Figure C.2: Attack rate as a function of the proportion of asymptomatic infections (o) and their relative
infectiousness (¢), for exposed individuals infectiousness of p = 0,0.25 and 0.5. The greater the exposed
individuals’ infectiousness the lower the asymptomatic individuals’ infectiousness required to have an attack

rate over the baseline scenario.

Figure [C.2] shows that the greater the infectiousness of exposed individuals, the greater the attack rate
for all (o,€) scenarios. Moreover, greater p values reduce the asymptomatic individuals’ infectiousness (e)
required to produce an attack rate above the baseline scenario (gray plane). In other words, the impact of
risk misperception increases as the infectiousness of non-symptomatic individuals increases. In addition, high

infectiousness of exposed individuals increase the (o, €) scenarios for which an outbreak is produced.

The utility function u (C) = (bC — C?)”

Due to the absence of appropriate data to calibrate our behavior model, specifically the parameters used in

the utility function, in this section we test the sensitivity of the behavioral response and disease dynamics to
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changes in the utility parameters. We found the disease dynamics obtained with the behavior model to be
low sensitive to the assumed amount of available contacts per day, (b). For an assumed b value we adjust the

per-capita likelihood of infection 3, so that the basic reproductive number of the behavior model (C.1]), matches

the targeted basic reproductive value of 2.4,

Ro(C) = C* <Z+ (1“)7(1”" + (17”)1 +f) (C.1)

where C* corresponds to the optimal contact rate in the absence of disease.

Figure shows the disease dynamics for the constant contact rate (dashed lines) and for the behavior
model (solid lines), for the scenarios where the maximum daily contact rate of 48 and a per-contact likelihood
of infection 5 = 0.01324 (panel a), maximum daily contact rate of 24 and a per-contact likelihood of infection
B = 0.02649 (panel b). We found the disease dynamics and the behavioral response produced in both scenarios
to be equivalent. Both scenarios produce an attack rate of about 80% and the behavioral response reduce the
amount of contacts to 50% during the peak of the epidemic. That is, the higher the amount of contacts assumed,

the higher the resolution of the behavioral change over time obtained.

a) maxC=48 f=0.1324 b) maxC =24 B=02649
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Figure C.3: Disease dynamics under adaptive behavior for different contact rates: in panel a) the maximum
contact rate of b = 48 leads to 8 = 0.01324, in panel b) the maximum contact rate b = 24 leads to 5 = 0.02649.
The normalized contact rate curves in both scenarios (C’t / C*) is taken down to a 50% reduction of contacts
during the peak of the outbreak. In both scenarios, parameter sets produce a basic reproductive value is
Ro = 2.4. In both scenarios the adjusted basic reproductive values is Ry = 2.4. For parameters in Table (1)
with 0 = 0.3 and € = 0.6

Utility function shape parameter v

In the proposed behavior model, adaptive response is triggered by assessing the benefits of making contacts
while being exposed to the risk of infection. Due to the lack of appropriate data to calibrate the utility function,
for our numerical experiments we arbitrarily chose v = 0.1. Here, we explore the impact that variations in the
utility function shape parameter () produce on the disease dynamics.

Figure panel a) shows the immediate utility obtained by individuals making C' contacts per day for v
values of 0.05, 0.1 and 0.2, and where the maximum number of contacts per day is b = 48. Lower v values,
makes contacts to be less valuable by producing a lower utility (u(C,v1) > u(C,vs) for 11 > v3). We found
the behavior model to be highly sensitive to this parameter since the risk-benefit trade-off is directly impacted
by the utility obtained by making contacts. Specifically, reducing the amount of utility obtained results in an
earlier start of behavioral response. Moreover, Figure panel b) shows that low v values reduces the marginal
benefit of increasing contacts. Producing an stronger adaptive response since for lower v values it is “cheaper”

to modify contact rates, as compared to bigger v values.
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Figure C.4: Figure shows the immediate utility obtained by individuals making C' contacts (panel a) and the
marginal benefit of increasing contacts (panel b), for v values of 0.05, 0.1 and 0.2, and maximum daily contacts
of b = 48. The immediate utility obtained by making C' contacts and the marginal benefit of increasing contacts

decrease as the v value decreases.

Figure show the disease dynamics and adaptive response obtained for the constant contact rates model
(dashed lines), and for the adaptive behavior model, using the utility shape parameter values v = 0.05,0.1 and
0.2, (solid, dotted, and dot-dashed lines respectively).
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Figure C.5: Disease dynamics under constant contact rates (dashed lines) and under adaptive behavior, for
utility shape parameter v = 0.05,0.1 and 0.2 (solid, dotted and dot-dashed lines respectively), for parameters
in Table (1) with 0 = 0.3 and € = 0.6. Reductions in the utility shape function parameter (v), produces an

earlier start of behavioral adaptation as well as a greater reduction in the contacts during the outbreak.

Reductions on the utility shape function parameter (v), highly impact the disease dynamics and the adaptive
response produced. Decreasing the v value reduces the amount of utility obtained per contact as shown in Figure
C.4] panel a). In consequence starting the adaptive response earlier and producing a greater contacts curtail.
This impacts the disease dynamics in several ways, the peak size and the final epidemic size substantially

decrease. However, the epidemic period is increased and the peak time is reduced.

The future utility discount rate J

Our model of behavioral adaptation assumes individuals base their decisions in a projection of the future
system’s state over a finite planning horizon. Our simulations assume that individuals’ future utility has a 5%
annual discount rate. However, this parameter may be highly uncertain across individuals, for instance, due to
economic or local sanitary conditions.

In this section we study the joint impact of the discount rate and the planning horizon on the optimal

behavioral response produced at different instances of the epidemic. We show the optimal decisions that
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susceptible and non-symptomatic individuals would make at three instances of the epidemic period, as a function

of the discount rate and the planning horizon.

Optimal decision

B) t =130 0.7

Figure C.6: Susceptible and non-symptomatic individuals’ optimal behavioral decisions as a function of the
discount rate ¢ in [0.7,1] and planning horizons 7 in [0, 40], for epidemic instances ¢ = 120,130 and ¢ = 140.
The bigger the discount rate (J) the less sensitive the system is to the planning horizon. Different instances of

the epidemic drive differential behavioral responses among the susceptible and non-symptomatic individuals.

Figure panels (A-C) show the optimal decisions made at times ¢ = 120,130 and ¢ = 140, for discount
rates d in [0.7,1] and planning horizons 7 in [0,50]. We chose the set of parameters in Table (1) to obtain the
state of the epidemic at the selected instances.

Our simulations show that for a given planning horizon, relatively low discount rates (6 ~ 1) lead to strong
behavioral responses. Where the strength of the behavioral response also depends on the system’s state. In
general, we found the optimal decision to be more sensitive to changes in the planning horizon when the discount

rate is low.
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