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Abstract

We study an epidemic model in which individuals optimally choose social activity

while facing uncertainty about the characteristics of the epidemic. Individual behavior

affects infection dynamics, and beliefs evolve endogenously over time. We characterize the

symmetric equilibrium and show that, even when equilibrium prevalence would decrease

monotonically under full information, uncertainty can generate non-monotonic epidemic

dynamics and multiple infection peaks. The mechanism operates through belief-driven

shifts in the intertemporal allocation of social activity, leading to a premature relaxation

of distancing when the epidemic is perceived to be severe. We analyze the welfare and

mortality effects of public disclosure of the epidemic state. While transparency allows

individuals to flatten the curve in severe epidemics, it may reduce welfare or increase

mortality, depending on the timing of vaccine arrival. Overall, the analysis highlights a

tension between welfare maximization and mortality minimization in epidemic information

policies.
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1 Introduction

Hitherto neither the newspapers nor the Ransdoc Information

Bureau had been given any official statistics relating to the

epidemic. Now the Prefect supplied them daily to the bureau,

with the request that they should be broadcast once a week.
Albert Camus

The Plague, 1947

The dilemma faced by the prefect of Oran in The Plague is the same one that confronts any

public-health authority during an epidemic of a severe infectious disease: what information

should be revealed, when, and how often? During the COVID-19 pandemic, governments

around the world adopted remarkably different disclosure strategies. In a comparative analysis

of official communications from 324 government leaders, health ministers, and ministries in

139 countries, Weder and Courtois (2022) document substantial cross-country variation in the

frequency, granularity, and transparency of public health reporting. To illustrate, in France

the Ministry of Health publicly announced the number of new COVID-19 cases on national

television every evening during the first lockdown, whereas in the United States, two years

after the onset of the pandemic, the Centers for Disease Control and Prevention (C.D.C.) had

released only a small fraction of the hospitalization data it had collected.

While several mechanisms1 may account for such differences in disclosure patterns, limited

transparency by public authorities often provoked strong public reactions. In the United

States, The New York Times reported that the C.D.C. withheld critical data, prompting

accusations of excessive secrecy and eroding public trust (Mandavilli, February 25, 2022). In

Australia, journalists and researchers similarly noted that much of the modelling and data

informing government decisions remained unpublished, thereby restricting external scrutiny

of policy choices and epidemic projections (ABC News, January 7, 2023). Across these cases,
1Fear of misinterpretation by anti-vaccine groups is one reason for withholding data. This has been reported

by Kristen Nordlund, a spokeswoman for the C.D.C. (The New York Times, February 25, 2022), and by public

health officials in Scotland who stopped releasing hospitalization and death data by vaccination status in 2022

(The Scotsman, February 17, 2022). Moreover, the state of the health-system capacity might also explain

differences in communication. Weder and Courtois (2022) find that countries with lower degrees of access to

universal healthcare compensated their structural vulnerabilities by highlighting individual and community

responsibilities over government measures, while countries with widely accessible and strongly equipped health

care systems were more transparent.
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the perceived opacity of official communication raised concerns about accountability and the

credibility of public health institutions. The main argument advanced by journalists and

scientists in favor of greater transparency is that detailed and timely information —such as

data on hospitalizations, booster uptake, or wastewater analyses— can help protect the most

vulnerable populations. Yet whether this relationship between transparency and welfare is as

direct as commonly assumed remains an open question. Does increased information disclosure

by public authorities necessarily lead to better health outcomes? More broadly, how does

the information available to the population shape individual behavior and, ultimately, the

dynamics of an epidemic?

The reason information matters during an epidemic is that individuals adjust their social

interactions in response to the perceived epidemiological environment, trading off the ex-

pected cost of infection against the utility loss from reducing social activity. Yet the expected

cost of infection depends on characteristics related to the epidemic that individuals largely

do not know. First, they are uncertain whether they would develop symptoms if infected,

thus some may remain asymptomatic and unknowingly spread the disease. Second, they lack

precise knowledge of medical parameters such as symptom severity, contagiousness, and fa-

tality rates. Finally, upon learning about the existence of an epidemic, they do not know its

prevalence, which in turn prevents them from inferring the current state of the epidemic even

conditional on individuals’ behaviors. In the case of COVID-19, it became clear early on that

asymptomatic individuals contributed to transmission, but the proportion of asymptomatic

cases and parameters such as contagiousness, incubation period, and fatality rate remained

uncertain for months. Moreover, the prevalence of the virus was initially unknown: retro-

spective evidence suggests that SARS-CoV-2 was already circulating in Europe as early as

September 2019, thus well before official recognition.2

This paper explores how uncertainty about the characteristics of the epidemic shapes in-

dividuals’ endogenous distancing behavior and how this affects the dynamics of an epidemic.
2Amendola et al. (2021) report viral RNA in a throat swab collected in Italy in December 2019 from a child

whose symptoms began in November 2019. Similarly, Reis et al. (2022) found antibodies in samples collected

as early as September-October 2019. In the USA, the first autochthonous case was diagnosed on February

26, 2020 in California. An earlier presence of SARS-CoV-2 in the United States was suspected based on the

results of testing of sera obtained from routine blood donations to the American Red Cross. Of 7,389 samples

analyzed, which had been collected between December 13 and 16, 2019, 106 (1.44%) were positive.
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To address this question, we analyse a Susceptible-Infected-Recovered (SIR) epidemiological

model in which myopic individuals choose their level of social activity at each point in time

while being uncertain about their type (asymptomatic vs symptomatic) and the character-

istics of the epidemic, i.e., the epidemic state. All individuals observe is whether they have

experienced symptoms of the disease or not. They form subjective beliefs about both the epi-

demic state and their own type, which they continuously update based on their interactions,

and make social-activity decisions accordingly. We provide analytical results on equilibrium

distancing behavior dynamics and numerical simulations illustrating the effects of different

information disclosure regimes.

In equilibrium, individuals adjust their level of social activity in response to infection dy-

namics, which are themselves shaped by aggregate social activity. This two-way dependence

between behavior and prevalence renders equilibrium dynamics non-trivial. We identify a

severity condition relative to epidemic states under which, when the epidemic state is known,

equilibrium prevalence is monotonic and decreases from the onset of the epidemic. As preva-

lence falls, equilibrium social activity gradually increases until herd immunity is reached,

after which individuals resume normal social activity. Our main result is that, even when

this severity condition holds, introducing uncertainty about the epidemic state can overturn

monotonic prevalence dynamics and generate multiple epidemic peaks. This occurs when in-

dividuals mistakenly believe the epidemic to be more severe than it actually is. Believing the

epidemic to be severe, individuals self-isolate strongly at the onset and later resume normal

social activity once they perceive that herd immunity has been reached, that is, when they

believe the susceptible pool has fallen below the threshold at which prevalence would decline

even without further self-isolation. If the true epidemic is milder, early self-isolation slows

down contagion more than individuals anticipate, so that the susceptible population remains

above the herd-immunity threshold when social activity resumes. This premature relaxation

of distancing causes prevalence to increase again, generating a second epidemic wave.

We then study the welfare and mortality implications of uncertainty about the epidemic

state through numerical simulations in a two-state environment that differs only in sever-

ity (mild versus severe). Although knowledge of the realized state enables individuals to

flatten the curve in each case, transparency need not be optimal. A higher prior probabil-

ity of the mild state shifts equilibrium activity from later to earlier stages of the epidemic,

4



generating an intertemporal reallocation whose effects on mortality and welfare depend on

both the realized state and the epidemic horizon. The simulations reveal a sharp contrast.

Transparency increases ex-post mortality and reduces ex-post payoffs in two configurations:

when the epidemic is severe and vaccination arrives late, and when it is mild and vaccination

arrives early. Ex ante, however, transparency strictly dominates secrecy in terms of welfare

for all prior beliefs and vaccination horizons, while it may fail to do so in terms of mortality.

These findings uncover a tension between welfare maximization and mortality minimization

as policy objectives and provide a potential explanation for the strong public backlash against

information withholding during the COVID-19 pandemic.

Related Literature

This paper belongs to the economic literature on infectious diseases that incorporates

individual behavior into Susceptible-Infected-Recovered (SIR) models (see Auld et al. (2025)

for a recent overview). A central insight of this literature is that epidemics may be self-

limiting once individual behavior is taken into account. Most existing contributions rely on

numerical simulations to characterize equilibrium dynamics and policy outcomes (see, among

others, Reluga (2010), Fenichel et al. (2011), Fenichel (2013), Chen (2012), Toxvaerd (2020,

2022), Makris and Toxvaerd (2020), Baril-Tremblay et al (2021), Farboodi et al. (2021),

Toxvaerd and Rowthorn (2022), Phelan and Toda (2022), Gans (2023) and Avery et al.

(2024)). A smaller but growing set of papers derive analytical results on equilibrium behavior

and epidemic dynamics (see, for instance, Dasaratha (2023), Carnehl et al. (2023), McAdams

et al. (2023) and Rachel (2025)).

Our contribution is twofold. First, we introduce uncertainty about the characteristics of

the epidemic into a behavioral SIR framework and study how it affects individual protec-

tive behavior. Second, and more importantly, we identify a novel mechanism through which

uncertainty can generate multiple infection peaks, and we characterize this mechanism ana-

lytically. To the best of our knowledge, this is the first paper to provide analytical conditions

under which belief-driven behavior alone can lead to multiple epidemic waves.

In the existing literature, multiple infection waves arise from mechanisms that are con-

ceptually distinct from the one we identify. In a SIRS model with temporary immunity,

Giannitsarou et al. (2021) show numerically that the disease may become endemic, with

mitigation effort exhibiting dampened oscillations. Similar patterns emerge when births and
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deaths are introduced into SIR models, as the susceptible population is continuously replen-

ished (see e.g., Horan and Fenichel (2007)). A distinct strand focuses on policy-induced

rebounds. Fenichel et al. (2011) document through simulations that lifting lockdown poli-

cies before herd immunity is reached may trigger a resurgence of infections. Rachel (2025)

provides analytical results showing that the stronger the reduction in the basic reproduction

number induced by the lockdown, the more severe the subsequent rebound. Carnehl et al.

(2025) study distancing fatigue in a model with non-stationary isolation costs and show that

interactions between fatigue and policy-induced discontinuities in isolation costs can generate

second waves.

Finally, we establish that uncertainty may decrease mortality while the population may

prefer transparency. In a closely related model, Toxvaerd (2022) shows through simulations

that uncertainty about individual types may increase total infections but reduce symptomatic

cases, resulting in higher welfare. Less closely related work examines uncertainty in models

without endogenous distancing. Gollier (2020) shows that uncertainty about post-lockdown

transmission reduces the optimal initial intensity of lockdown. Barnett et al. (2025) show

that uncertainty about disease severity leads to stricter and longer quarantines, whereas un-

certainty about economic costs leads to less stringent policies. Gubar et al. (2023) analyze

vaccination decisions when part of the population is exposed to misinformation. Our re-

sults complement this literature by showing that, with endogenous distancing, uncertainty

generates a tension for public authorities between welfare and mortality objectives.

The remainder of the paper is organized as follows. Section 2 presents the model. Section

3 characterizes the unique symmetric equilibrium. Section 4 studies how uncertainty shapes

equilibrium prevalence dynamics and shows that infection rebounds may arise under uncer-

tainty. Section 5 examines the value of information. Section 6 concludes and discusses the

assumptions. All proofs are relegated to the Appendix.

2 An epidemiological model with uncertainty

An epidemic is characterized by both the medical parameters of the disease (severity of

the symptoms, contagious rate, etc) and the penetration rate of the disease in the population

at time 0, which will be formally defined later on. All these characteristics are described
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by the epidemic state ω ∈ Ω, where Ω is a countable set of possible states. To model the

spread of an epidemic, we use the Susceptible-Infected-Recovered (SIR) model by Kermack

and McKendrick (1927), which we amend to introduce individual distancing behaviors and

uncertainty about the characteristics of the epidemic.

The population. The population consists of a continuum of infinitely lived individuals,

indexed by j ∈ [0, 1], who discount time t ∈ [0,+∞) at a common rate r > 0. At time 0,

individuals are informed that a contagious disease is spreading in the population. They do

not know the epidemic state and share a common prior belief µ0 over Ω. Individuals are also

informed that the entire population will be vaccinated at time T > 0 with a vaccine that is

100% effective. Infection may be totally asymptomatic, and ends by either recovery or death.

Individuals are contagious as long as they are infected, and are immune to the disease after

recovering. Whether an individual j develops symptoms or not when she is infected is an

idiosyncratic characteristic described by her type θj ∈ {θa, θs}. Individuals of type θs –the

symptomatic type– experience the symptoms of the disease immediately after being infected,

and individuals of type θa –the asymptomatic type– do not have symptoms in case of infection,

thus never realize when they have been infected. Individuals do not know their type unless

they are of type θs and catch the disease. The proportion of asymptomatic types in the

population depends on the epidemic state and is denoted αω ∈ (0, 1).

At each time t and state ω ∈ Ω, the population is divided into five groups: the group

of susceptible individuals who have never been infected by the disease, denoted by S(t | ω)

and of size s(t | ω) :=
∫
j∈S(t|ω) dj; the group of symptomatic infected individuals who are

infected with symptoms at time t, denoted by I(t | ω) and of size i(t | ω) :=
∫
j∈I(t|ω) dj;

the group of asymptomatic infected individuals who are infected without symptoms at time

t, denoted by A(t | ω) and of size a(t | ω) :=
∫
j∈A(t|ω) dj; the group of recovered individuals

who already healed from the disease (with or without symptoms), denoted by R(t | ω) and

of size r(t | ω) :=
∫
j∈R(t|ω) dj and the group of dead individuals, denoted by D(t | ω) and of

size d(t | ω) = 1− s(t | ω)− i(t | ω)− a(t | ω)− r(t | ω). The prevalence rate of the disease at

time t and state ω is a(t | ω) + i(t | ω).

The composition of the population at time 0 defines the initial penetration rate of the

disease. Without loss of generality for our purpose, we assume that individuals did not die

or recover yet from the disease at time 0, i.e., r(0 | ω) = d(0 | ω) = 0 for each ω. Moreover,
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by the law of large numbers, the initial proportion of infected individuals with symptoms

represents a share 1 − αω of the prevalence rate at time 0, hence i(0 | ω) = 1−αω

αω a(0 | ω).

As, by definition, s(0 | ω) + a(0 | ω) + i(0 | ω) + r(0 | ω) + d(0 | ω) = 1, the proportion of

susceptible individuals at time 0 is s(0 | ω) = 1 − a(0|ω)
αω . Therefore, the initial penetration

rate of the disease in state ω is determined by a(0 | ω).

Individuals can be contaminated by contact with an infected individual, hence respond to

the threat of infection by choosing at each point in time a level of social activity. The dynamics

of the epidemic thus depend on the behavior of the population. We assume that an individual

who gets symptoms immediately stops social activity until the end of the symptoms, either to

protect others, or simply because she is too sick to go out.3 As a consequence, the disease is

spread in the population by asymptomatic, infected, individuals, who still go on with meeting

people without knowing that they are contagious. A strategy for player j is thus a measurable

function kj : R+ → [0, 1], with the interpretation that kj(t) is the level of social activity of

individual j at time t, absent symptoms by time t. Conversely, 1 − kj(t) is the level of self

isolation of individual j at time t.

Dynamics of the epidemic. In state ω ∈ Ω, a susceptible individual meeting an infected

individual is infected at rate βω. Infection ends by recovery at rate γω for an asymptomatic

type, while, for a symptomatic type, it ends by recovery at rate γωs and by death at rate νω.

We assume γω = γωs + νω, i.e., the infection periods ends at the same rate for both types of

individuals. This implies that the prevalence rate is a(t | ω)/αω for all t and ω.4 The fraction

of susceptible individuals evolves as follows: 5

ṡ(t | ω) = −k̄S(t | ω)s(t | ω)k̄A(t | ω)a(t | ω)βω, (1)
3The usual assumption in the literature is that infected individuals chose a constant social activity level

k̄ ∈ [0, 1] during the symptomatic period. Assuming k̄ = 0 lightens analytic expressions.
4Indeed, the fact that i(0 | ω) = 1−αω

αω a(0 | ω) and the assumption γω = γω
s + νω together imply that

i(t | ω) = 1−αω

αω a(t | ω) for all t. Therefore, the prevalence rate is a(t | ω) + i(t | ω) = a(t | ω)/αω.
5To see why, consider the expected mass of individuals who become infected in the interval [t, t+ dt). The

probability that a susceptible individual s ∈ S(t | ω) meets and is infected by some infected asymptomatic

individual a ∈ A(t | ω) in the interval [t, t + dt) is ks(t)ka(t)β
ωdt. Therefore, the probability that individual

s becomes infected in [t, t + dt) is ks(t)
(∫

j∈A(t|ω)
kj(t)dj

)
βωdt, and the expected mass of newly infected

individuals is −(s(t + dt | ω) − s(t | ω)) =
∫
s∈S(t|ω)

(
ks(t)(

∫
a∈A(t|ω)

ka(t)da)β
ωdt

)
ds ≡ s(t | ω)k̄S(t | ω)a(t |

ω)k̄A(t | ω)βωdt. The result follows from ṡ(t | ω) = limdt→0
s(t+dt|ω)−s(t|ω)

dt
.
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where k̄S(t | ω) := 1
s(t|ω)

∫
j∈S(t|ω) kj(t)dj and k̄A(t | ω) := 1

a(t|ω)
∫
j∈A(t|ω) kj(t)dj denote the

average behavior of susceptible and asymptomatic infected individuals, respectively. At each

time t, the fraction of newly infected −ṡ(t | ω) is split between A(t | ω) and I(t | ω) in

proportions αω and 1 − αω, respectively. The other groups of the population thus evolve as

follows:

ȧ(t | ω) = −αω ṡ(t | ω)− γωa(t | ω), (2)

i̇(t | ω) = −(1− αω)ṡ(t | ω)− γωi(t | ω), (3)

ṙ(t | ω) = γωa(t | ω) + γωs i(t | ω), (4)

ḋ(t | ω) = νωi(t | ω). (5)

Uncertainty and beliefs. At time 0, individuals learn the existence of an epidemic, but do

not know their own type nor the epidemic state. Moreover, they never observe the current

value of the penetration of the disease, hence the only additional information they have at

time t is whether or not they had symptoms before t. We denote by pj(t | ω) the probability

that player j is of type θs, conditionally on the state being ω and j having experienced no

symptom by time t. A susceptible, type θs, individual j develops symptoms in [s, s + ds) if

she meets and is infected by an asymptomatic individual, which occurs with instantaneous

probability kj(s)k̄A(s | ω)a(s | ω)βωds in state ω. By Bayes’ rule, the probability that j is of

type θs in state ω is therefore:

pj(t | ω) =
(1− αω)e−

∫ t
0 kj(s)k̄A(s|ω)a(s|ω)βωds

αω + (1− αω)e−
∫ t
0 kj(s)k̄A(s|ω)a(s|ω)βωds

. (6)

After time 0, individuals continuously update their belief about the epidemic state upon

the absence of symptoms, conditionally on the strategy profile of the population and the

dynamic system formed by (1) and (2). The subjective belief of individual j at time t over Ω

is denoted µj(t) : Ω → [0, 1], with the interpretation that µj(t)(ω) is j’s probability at time t

that the state is ω, conditional on having experienced no symptom by time t. By Bayes’ rule,

µj(t)(ω) =
µ0(ω)/(1− pj(t | ω))∑

ω′∈Ω µ0(ω′)/(1− pj(t | ω′))
. (7)

Payoffs. The flow utility of having social activity and being healthy is normalized to 0. As

individuals self-isolate only to protect themselves from the disease, those who are vaccinated
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or have already had symptoms do not self-isolate and get payoff 0. For other individuals, the

level of social activity kj(t) costs cS(1−kj(t)) and might yield to the state-dependant desutility

−vωI < 0 for the symptomatic types who get infected, which occurs with subjective probability

pj(t | ω)kj(t)k̄A(t | ω)a(t | ω)βω. Therefore, if player j never experienced symptoms at time

t, her instantaneous expected payoff in state ω is:

vj(t | ω) = −pj(t | ω)kj(t)k̄A(t | ω)a(t | ω)βωvωI − (1− kj(t))cS . (8)

The total discounted payoff to individual j in state ω is6

Vj(ω) =

∫ T

0
e−rt αω

1− pj(t | ω)︸ ︷︷ ︸
Probability that j has no

symptom by time t in ω.

vj(t | ω)dt. (9)

From individual j’s perspective, the composition of the population, the characteristics of the

disease, and the probability of being the symptomatic types are random variables that we

denote by s(t) : ω 7→ s(t | ω), a(t) : ω 7→ a(t | ω), α : ω 7→ αω, β : ω 7→ βω, γ : ω 7→ γω,

vI : ω 7→ vωI and pj(t) : ω 7→ pj(t | ω).

As a benchmark, we characterize the prevalence rate dynamics in the non-behavioral SIR

model, where agents never self-isolate. Plugging k̄S(t) = k̄A(t) = 1 into (1) and (2) yields

ȧ(t | ω) = a(t | ω) (αωβωs(t | ω)− γω) .

Since the susceptible population is monotonically decreasing by (1), prevalence either never

increases (if s(0 | ω) < γω/(αωβω)) or increases until the pool of susceptible reaches

γω

αωβω
,

called herd immunity threshold of epidemic ω. Once this threshold is reached, the susceptible

pool is too small for the epidemic to sustain itself, even in the absence of self-isolation, and

prevalence subsequently converges to zero. A key implication is that the non-behavioral SIR

model generates a single epidemic peak, which is reached at time

τω := min{t, s(t | ω) ≤ γω

αωβω
in the non-behavioral SIR model}.

6Only symptomatic individuals have symptoms, hence the probability in state ω that j never gets symptom

in [0, t) is αω + (1− αω)e−
∫ t
0 kj(s)k̄A(s|ω)a(s|ω)βωds, which equals αω/(1− pj(t | ω)) by (6).
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We now turn to the analysis of prevalence dynamics when self-isolation is endogenous.

3 Equilibrium

We analyze the behavior of Bayesian and myopic individuals. Agents have perfect memory

and continuously update their beliefs according to Bayes’ rule, but do not internalize how

their current actions affect future beliefs and payoffs. As a result, individuals choose their

actions by maximizing their expected instantaneous payoff at each point in time. Formally,

individual j’s best response at time t to the strategy profile k solves the static optimization

problem

max
kj(t)∈[0,1]

Eµj(t) [vj(t | ω)] =
(
−kj(t)Eµj(t)[pj(t)k̄A(t)a(t)βvI ]− cS(1− kj(t))

)
,

where the first term captures the expected instantaneous cost of infection associated with

social activity, and the second term reflects the direct cost of self-isolation. By linearity of

the objective function, the best response takes a threshold form:

kj(t)


= 1 if cS > Eµj(t)[pj(t)k̄A(t)a(t)βvI ],

= 0 if cS < Eµj(t)[pj(t)k̄A(t)a(t)βvI ],

∈ [0, 1] if cS = Eµj(t)[pj(t)k̄A(t)a(t)βvI ].

(10)

Thus, myopic individuals compare the direct marginal cost of self-isolation cS to the expected

instantaneous cost of engaging in social activity. This yields a unique symmetric equilibrium,

characterized as follows.

Proposition 1. In the unique symmetric equilibrium, agents play the strategy k̂ defined by

k̂(t) = min

{
1,

cS
Eµ̂(t) [p̂(t)â(t)βvI ]

}
∀ t ≤ T,

where â, p̂ and µ̂ are determined for each ω ∈ Ω by the system:

â(t | ω) = αω − αωs(0 | ω)e−βω
∫ t
0 k̂(u)2â(u|ω)du − γω

∫ t

0
â(u | ω)du, (11)

p̂(t | ω) =
1− αω

1− αω + αωeβ
ω
∫ t
0 k̂(u)2â(u|ω)du

, (12)

µ̂(t)(ω) = µ0(ω)
αω + (1− αω)e−βω

∫ t
0 k̂(u)2â(u|ω)du

αω + (1− αω)Eµ0 [e−β
∫ t
0 k̂(u)2â(u)du]

. (13)

Moreover, the size of the susceptible population in state ω is given by :

ŝ(t | ω) = s(0 | ω)e−βω
∫ t
0 k̂(u)2â(u|ω)du. (14)
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Proof. See Section A in the Appendix.

Proposition 1 highlights the two-way dependence between behavior and prevalence: indi-

viduals’ social activity affects prevalence dynamics, while evolving prevalence feeds back into

behavior through perceived infection risk. Unlike in non-behavioral SIR models, this feed-

back between endogenous behavior and infection risk renders equilibrium prevalence dynamics

non-trivial. In equilibrium, prevalence evolves according to

˙̂a(t | ω) = â(t | ω)
(
αωβωk̂2(t)ŝ(t | ω)− γω

)
. (15)

Equation (15) implies that prevalence decreases if and only if

k̂(t)2ŝ(t | ω) < γω

αωβω
,

that is, when individuals self-isolate sufficiently and/or when the susceptible pool has become

sufficiently small. Consequently, even when s(0 | ω) is large, agents can “flatten the curve”

by sharply reducing social activity at the onset of the epidemic and maintaining k̂2(t)ŝ(t | ω)

below the herd-immunity threshold. Conversely, if k̂2(t)ŝ(t | ω) is non-monotonic and exceeds

this threshold at some dates, prevalence may increase again, generating multiple epidemic

peaks in equilibrium.

4 Uncertainty and prevalence

In this section, we explore how uncertainty shapes equilibrium prevalence dynamics. We

begin by characterizing a severity condition under which, when the epidemic state is known,

equilibrium prevalence is monotonic and decreases from the onset of the epidemic. We then

show that, even when this condition is satisfied, introducing uncertainty about the epidemic

state can overturn this monotonicity and generate multiple epidemic peaks.

Definition. The severity of epidemic ω is defined as

ηω := a(0 | ω)βωvωI (1− αω).

The severity index aggregates the epidemiological and medical parameters that governed the

perceived danger of the epidemic: it increases with the initial penetration rate, the trans-

mission rate, the desutility from developing symptoms and the prior probability of being

symptomatic.
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4.1 Decreasing prevalence under certainty

We show that when individuals are certain that the epidemic is sufficiently severe, they

respond by sharply reducing social activity at the onset of the outbreak. This strong initial

behavioral response prevents the occurrence of multiple epidemic peaks. This result is related

to earlier findings in Dasaratha (2023) and Carnehl et al. (2023), showing that sufficiently

strong behavioral responses can make epidemics self-limiting.

For notational clarity, let k̂ω(t) and âω(t | ω) denote the equilibrium levels of social activity

and asymptomatic prevalence when the epidemic state ω is common knowledge, that is, when

µ0(ω) = 1.

Theorem 1. Fix ω ∈ Ω and suppose µ0(ω) = 1. There exists a positive cutoff n(ω) such

that, if the epidemic severity satisfies ηω ≥ n(ω), then âω(t | ω) is strictly decreasing with t

on [0, T ]. Moreover, there exists a finite time τ̂ω > 0 such that:

(i) k̂ω(t) is increasing on [0,min{τ̂ω, T}] and k̂ω(t) = 1 for t ≥ min{τ̂ω, T};

(ii) the susceptible share at time τ̂ω satisfies ŝ(τ̂ω | ω) < γω

αωβω .

Proof. See Section B in the Appendix.

The intuition behind Theorem 1 is as follows. Upon learning that an epidemic of type ω

has started, individuals choose their initial level of social activity as

k̂ω(0) = min

{
1,

cS
a(0 | ω)βωvωI (1− αω)

}
= min

{
1,

cS
ηω

}
.

Hence, the more severe the epidemic, the stronger the initial reduction in social activity.

Substituting k̂ω(0) into the prevalence dynamics (15), we obtain that prevalence decreases at

time 0 if and only if ηω is sufficiently large.7 Thus, when the epidemic is sufficiently severe, the

endogenous reaction to the onset of the epidemic triggers an immediate decrease in infections.

As prevalence falls over time, the perceived infection risk decreases, which induces a gradual

relaxation of self-isolation in equilibrium: social activity k̂ω(t) increases and may eventually

reach 1 before the arrival of the vaccine. When this occurs, the population has reached herd

immunity because ŝ(τ̂ω | ω) < γω/(αωβω), thus prevalence continues to decrease even in the

absence of further self-isolation.
7Indeed, if ηω > cS , k̂ω(0) = cS

ηω and αωβωk̂ω(0)
2s(0 | ω)− γω < 0 ⇔ (ηω)2 +

c2S
vω
I
(1−αω)γω ηω − αωβω

γω c2S > 0.

13



The explicit expression of the severity cutoff n(ω) is cumbersome and therefore relegated

to the Appendix. Nevertheless, we can evaluate the impact of several parameters of interest

on the severity condition.

Proposition 2. Let ω satisfying the severity condition ηω ≥ n(ω). The state ω still satisfies

the severity condition if, ceteris paribus,

• a(0 | ω), γω, or vωI increases;

• αω or cS decreases.

The effect of an increase in βω is ambiguous.

Proof. See Section B in the Appendix.

Several of these comparative statics are intuitive. A lower self-isolation cost cS or a higher

disutility of symptoms vωI strengthens incentives to reduce social activity at the onset of the

epidemic, making it more likely that prevalence decreases immediately. Similarly, a higher

initial penetration rate a(0 | ω) or probability of being symptomatic (1 − αω) increases the

perceived infection risk, which amplifies the initial behavioral response and favors the de-

crease in prevalence. By shortening the expected duration of infectiousness, a higher recovery

rate γω increases the herd-immunity threshold. As a result, a given level of self-isolation is

more likely to suffice to put prevalence on a declining path. Finally, the ambiguous effect

of the transmission rate βω reflects two countervailing forces. On the one hand, a higher

transmission rate raises infection risk and therefore induces stronger initial self-isolation. On

the other hand, it also decreases the herd-immunity threshold, making it more difficult to

keep prevalence below the threshold required for monotonic decline. The net effect depends

on which of these two forces dominates.

4.2 Multiple epidemic peaks under uncertainty

When individuals are uncertain about the epidemic state, their behavior depends on their

prior belief µ0 over Ω and may differ substantially from the behavior they would adopt under

full information. In this section, we show that such belief-driven distortions in behavior can

generate multiple epidemic peaks. Specifically, we prove that there exist epidemic states in
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which prevalence is monotonic and decreasing under certainty, yet becomes non-monotonic

under uncertainty.

Theorem 2. There exist ωL and ωH such that, if T is large enough,

(i) when the state is ωL and individuals know the state, equilibrium prevalence âωL(t | ωL)

decreases on [0, T ];

(ii) when the state is ωL and µ0(ωH) is sufficiently large, equilibrium prevalence â(t | ωL)

decreases on some interval [0, t) and increases on some interval [t, t), with t < T .

To establish the result, we construct sufficient conditions on a pair of epidemic states

(ωL, ωH) under which prevalence in state ωL is monotonic under certainty, yet becomes non-

monotonic under uncertainty. The argument proceeds in three steps. First, we ensure that

prevalence in state ωL is decreasing when individuals know the true state. This is guaranteed

by assuming that the severity condition holds in ωL:

Condition (a): ηωL ≥ n(ωL).

Under this condition, Theorem 1 implies that, when µ0(ωL) = 1, individuals self-isolate

sufficiently at the onset of the epidemic to place prevalence on a strictly decreasing path.

Second, we ensure that, when state ωH is sufficiently likely, equilibrium self-isolation at the

onset of the epidemic is higher than under certainty of state ωL. This is achieved by assuming

that epidemic ωH is more severe than ωL:

Condition (b): ηωH ≥ ηωL .

Indeed, condition (b) is equivalent to k̂ωH (0) < k̂ωL(0). Therefore, when beliefs place substan-

tial weight on ωH , individuals self-isolate more at the onset than they would under certainty in

ωL. Since prevalence is decreasing in ωL when individuals play k̂ωL(0), it decreases a fortiori

at time 0 when they play k̂ωH (0). Third, we ensure that uncertainty leads to a premature

relaxation of self-isolation in state ωL. To this end, we assume that epidemic ωH is sufficiently

severe for individuals to stop self-isolating in finite time under certainty:

Condition (c): ηωH ≥ n(ωH).

By Theorem 1, under condition (c) individuals cease self-isolation at time τ̂ωH when they

know that the state is ωH . We further assume that this time precedes the herd-immunity

threshold in the non-behavioral SIR model in state ωL:
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Condition (d): τ̂ωH < τωL .

Condition (d) implies that, when the true state is ωL, resuming normal social activity at

time τ̂ωH occurs before herd immunity would be reached without any self-isolation. Since

self-isolation delays the depletion of the susceptible pool relative to the non-behavioral SIR

benchmark, this relaxation is premature in state ωL and causes prevalence to increase again,

generating a second infection peak.

Finally, we establish that the set of values of a(0 | ωL), α
L, βL, γL, vLI , a(0 | ωH), αH , βH , γH

and vHI that satisfy (a), (b), (c) and (d) is an open subset of R10.

4.3 Illustration

To illustrate our results, we simulate equilibrium dynamics under two possible epidemic

states, ωL and ωH , which differ only by the initial penetration rate, with a(0 | ωL) < a(0 | ωH).

All other parameters (αω, βω, γω, νω and vωI ), are identical across states, and calibrated to

COVID-19.8 Thus, we refer to ωH as the severe epidemic, and to ωL as the mild epidemic.
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Figure 1: Dynamics for T = 500.

Figure 1a displays the prevalence dynamics in state ωL under two beliefs scenarios: when

individuals know that the state is ωL (µ0(ωL) = 1) and, under uncertainty, when they assign

a high probability to ωH (µ0(ωL) = 0.25). When the state is known, prevalence decreases

on the entire interval [0, T ]. When the state ωH is likely, however, prevalence becomes non-

monotonic, and exhibits two infection peaks over horizon T = 500.
8Specifically, we set a(0 | ωL) = 0.01 and a(0 | ωH) = 0.05, αω = 0.3, βω = 0.71, γω = 1/15, νω = 0.033%,

and arbitrarily set the cost parameters to r = 0.014%, cS = 1 and vωI = −37. See Section D for a detailed

discussion of the calibration strategy.
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Figure 1b illustrates the underlying mechanism by comparing the equilibrium paths of

social activity under the three beliefs scenarios µ0(ωL) = 0, µ0(ωL) = 0.25 and µ0(ωL) = 1.

Individuals self-isolate more at the onset and resume normal social activity earlier when they

know that the state is ωH rather than when they know the state is ωL. The reason is that

the initial susceptible pool is smaller in ωH (s(0 | ωH) < s(0 | ωL)), thus herd immunity is

reached faster. When the prior belief is µ0(ωL) = 0.25, the equilibrium social-activity path lies

between k̂ωH (t) and k̂ωL(t), but remains closer to k̂ωH (t) given the relatively high probability

assigned to state ωH . Consequently, in state ωL, individuals engage in more social activity

from around t = 70 onward under the belief µ0(ωL) = 0.25 than under certainty. Since herd

immunity has not yet been reached in state ωL at that time, this premature relaxation causes

prevalence to increase again around the same date, generating the second peak shown in

Figure 1a.

5 The value of information

Figure 1a illustrates a configuration in which knowledge that the epidemic is mild enables

individuals to flatten the curve through self-isolation, whereas a second wave arises when

individuals assign a sufficiently high probability to the severe state. The figure also shows

that, prior to the second wave, self-isolation is higher when the severe state is perceived as

more likely. Since self-isolation is privately costly yet reduces infection risk, transparency

affects behavior through different channels. As a result, the mortality and welfare effects of

disclosing the epidemic state are a priori ambiguous, as they depend both on the realized

state and on the epidemic horizon.

In this section, we study the value of information using numerical simulations in the two

epidemic states ωL and ωH . We compare two polar communication policies to which the

public authority commits ex ante, under both early (T = 100) and late (T = 500) vaccine

arrival. Under the transparency policy, the authority discloses the realized epidemic state in

each state, whereas under the secrecy policy, they never disclose the realized state. Although

these simulations are only illustrative, they highlight how transparency interacts with belief
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dynamics and vaccine timing to shape both welfare and mortality outcomes.9

5.1 Death toll

Symptomatic individuals infected before the arrival of the vaccine may die after time T .

Therefore, the ex-post share of the population that ultimately dies from the disease in state

ω under secrecy is10

d̂(ω) := lim
t→+∞

d̂(t | ω) = νω
1− αω

αω

(∫ T

0
â(t | ω)dt+ 1

γω
â(T | ω)

)
.

Under transparency, authorities commit ex ante to disclose the realized state in each state.

The prevalence rate in ω is thus given by âω(t | ω), which yields the ex-post death toll under

transparency:

d̂tr(ω) := νω
1− αω

αω

(∫ T

0
âω(t | ω)dt+

1

γω
âω(T | ω)

)
.

In our simulations, when the vaccine arrives early (T = 100), d̂(ω) increases with µ0(ωL)

in both epidemic states (see Figure 2a). When the vaccine arrives late (T = 500), it decreases

with µ0(ωL) in state ωL, whereas it displays a U-shaped relationship in state ωH , attaining

its maximum at µ0(ωL) = 0 (see Figure 2b).

To interpret these patterns, it is useful to recall that under certainty individuals self-isolate

more intensively in the early phase of a severe epidemic ωH than in a mild epidemic ωL, and

less intensively in the late phase (see Figure 1b). As a result, increasing the prior probability

of ωL shifts self-isolation effort from the early to the late phase of the epidemic.

When the vaccine arrives early, mortality is driven by early infections. As a higher µ0(ωL)

increases early infections by reducing early self-isolation, d̂(ω) increases with µ0(ωL) in both

epidemic states when T = 100.

When the vaccine arrives late, mortality reflects both early and late infections. For low

values of µ0(ωL), individuals self-isolate little in the late phase, leading to substantial late
9In a different setting, Phelan and Toda (2022) also show that optimal lockdown policies depend on vaccine

timing: when vaccination arrives far in the future, a planner with perfect enforcement may optimally encourage

activity before herd immunity is reached.
10By definition, d̂(ω) = limt→∞ d̂(t | ω) =

∫∞
0

˙̂
d(t | ω)dt. Yet, by equation (5), ˙̂

d(t | ω) = νω 1−αω

αω â(t | ω),

thus the equilibrium death toll in state ω is: limt→∞ d̂(t | ω) = νω 1−αω

αω

∫∞
0

â(t | ω)dt. Moreover, for all

t ≥ T , ˙̂s(t | ω) = 0, hence ˙̂a(t | ω) = −γωâ(t | ω) and â(t | ω) = â(T | ω)e−γω(t−T ). It follows that∫∞
0

â(t | ω)dt =
∫ T

0
â(t | ω)dt+ 1

γω â(T | ω), thus the result.
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Figure 2: Death toll

infections. A marginal increase in µ0(ωL) raises early infections but reduces late infections,

and the latter effect dominates. As a result, d̂(ω) decreases with µ0(ωL) for low prior beliefs.

In the mild state ωL, this mechanism continues to operate even for high values of µ0(ωL),

because the increase in early infections remains limited. In contrast, in the severe state ωH ,

once µ0(ωL) exceeds a threshold, the relaxation of early self-isolation becomes sufficiently

strong that the resulting increase in early infections outweighs the reduction in late mortality.

Consequently, d̂(ωH) increases with µ0(ωL) for high values of µ0(ωL).

The policy implications of these findings are the following. When public authorities an-

ticipate an early arrival of the vaccine, disclosure is desirable in the severe epidemic but not

in the mild one, for all prior beliefs. In sharp contrast, when vaccine development is slow,

disclosure is desirable only in the mild state and not in the severe one, for all prior beliefs.

Whether the expected gain from disclosure in one state outweighs the expected loss in

the other depends on the timing of vaccine arrival (see Figure 3). Intuitively, a higher prior

probability of ωL, amplifies the benefits of secrecy when the vaccine arrives early, but amplifies

the benefits of transparency when vaccination is delayed. In our simulations, secrecy strictly

dominates transparency for all prior beliefs when T = 100. By contrast, when T = 500,

secrecy dominates transparency only when the mild state is sufficiently unlikely. Formally,

Early vaccine : d̂tr(ωL) > d̂(ωL), d̂tr(ωH) < d̂(ωH), Eµ0 [d̂(ω)− d̂tr(ω)] < 0,

Late vaccine : d̂tr(ωL) < d̂(ωL), d̂tr(ωH) > d̂(ωH), Eµ0 [d̂(ω)− d̂tr(ω)] < 0 iff µ0(ωL) > 0.57.
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Figure 3: Value of information for mortality

5.2 Payoffs

Under secrecy, the total discounted payoff in state ω is11

V̂ (ω) = −
∫ T

0
e−rt αω

1− p̂(t | ω)
(p̂(t | ω)k̂(t)2â(t | ω)βωvωI + (1− k̂(t))cS)dt.

Under transparency, equilibrium social activity in state ω is k̂ω(t), and the probability of

being the symptomatic type is p̂ω(t | ω) := (1−αω)/(1−αω +αωeβ
ω
∫ t
0 k̂ω(u)2âω(u|ω)du), which

yields the total discounted payoff

V̂ tr(ω) = −
∫ T

0
e−rt αω

1− p̂ω(t | ω)
(p̂ω(t | ω)k̂ω(t)2âω(t | ω)βωvωI + (1− k̂ω(t))cS)dt.

In our simulations, when the vaccine arrives early, total equilibrium payoffs V̂ (ω) decrease

with µ0(ωL) in both epidemic states (see Figure 4a). When the vaccine arrives late, V̂ (ωL)

increases with µ0(ωL), while V̂ (ωH) exhibits a non-monotonic, bell-shaped relationship, at-

taining its minimum at µ0(ωL) = 0 (see Figure 4b).

These patterns can be understood through the reallocation of social activity induced by

beliefs. An increase in µ0(ωL) shifts equilibrium activity from the late to the early phase of

the epidemic. This intertemporal reallocation generates opposing effects on payoffs. In the

short run, higher activity raises infection risk but reduces self-isolation costs. In the long run,

lower activity reduces infection risk but increases self-isolation costs. The net effect of this

trade-off depends on the epidemic horizon.

When the vaccine arrives early (T = 100), short-run outcomes are decisive. The simu-

lations show that V̂ (ω) decreases with µ0(ωL) in both states. Hence, when the horizon is
11This expression is obtained by plugging kj(t) = k̄A(t | ω) = k̂(t) and pj(t | ω) = p̂(t | ω) into (8) and (9).
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Figure 4: Total discounted payoff

short, the increase in early infection risk dominates the savings in self-isolation costs. When

the vaccine arrives late (T = 500), cumulative self-isolation costs become quantitatively im-

portant and may reverse the trade-off. In this case, V̂ (ωL) increases with µ0(ωL), indicating

that in the mild state the reduction in long-run infection risk outweighs the increase in dis-

tancing costs. In the severe state ωH , the effect is non-monotonic. For low values of µ0(ωL),

V̂ (ωH) increases with the prior belief, whereas for sufficiently high values it decreases, reach-

ing a maximum at an interior belief. Figure 1b clarifies this mechanism. An increase from

µ0(ωL) = 0 to µ0(ωL) = 0.25 primarily affects long-run behavior, with little impact on short-

run activity. By contrast, increasing µ0(ωL) from 0.25 to 1 substantially alters also short-run

behavior, generating a pronounced intertemporal reallocation of activity. This pattern reflects

a general property: for low prior beliefs, marginal changes in µ0(ωL) mainly affect long-run

activity, whereas for high prior beliefs they also distort short-run behavior. As in state ωL, the

reduction in long-run infection risk outweighs the increase in distancing costs when µ0(ωL)

is small. For high values of µ0(ωL), by contrast, the induced shift toward early activity sub-

stantially raises short-run infection risk and necessitates stronger distancing later on, so that

the overall welfare effect becomes negative.

These findings yield the following policy implications. When the vaccine arrives early, wel-

fare is maximized by disclosing the epidemic state in ωH and withholding information in ωL,

regardless of the prior belief. When vaccine development is slow, the opposite holds: individ-

uals prefer disclosure in ωL and uncertainty in ωH , for all µ0. Despite these state-contingent

effects, the expected welfare gain from disclosure in one state outweighs the expected welfare
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Figure 5: Value of information for payoffs

loss from disclosure in the other for all prior beliefs and both vaccine arrival dates (see Figure

5). Consequently, transparency dominates secrecy in terms of payoffs, with a larger value of

information when the vaccine arrives late. Formally, for all prior beliefs,

Early vaccine : V̂ tr(ωL) < V̂ (ωL), V̂ tr(ωH) > V̂ (ωH), Eµ0 [V̂ tr(ω)− V̂ (ω)] > 0,

Late vaccine : V̂ tr(ωL) > V̂ (ωL), V̂ tr(ωH) < V̂ (ωH), Eµ0 [V̂ tr(ω)− V̂ (ω)] > 0.

6 Conclusion

This paper studies how uncertainty about epidemic characteristics shapes individual dis-

tancing behavior and, in turn, epidemic dynamics. We show that uncertainty can generate

non-monotonic behavioral responses and infection rebounds: when agents overestimate epi-

demic severity, they initially self-isolate excessively and relax distancing before herd immu-

nity is reached, thereby triggering a second infection peak. Overall, our analysis highlights a

fundamental tension between mortality minimization and welfare maximization in epidemic

management. By reshaping the intertemporal allocation of risk-taking, communication poli-

cies can either amplify or dampen epidemic waves, sometimes in counterintuitive ways. These

findings suggest that transparency is not unambiguously welfare-improving and that its de-

sirability depends critically on epidemic severity, prior beliefs, and the expected duration of

the crisis.

Our analysis relies on a parsimonious model that abstracts from several features of real-

world epidemics. We briefly discuss the robustness of our results to relaxing some of these
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assumptions.

Horizon length. We assume a finite horizon, interpreted as the arrival date of a vaccine.

In the case of new diseases, such as COVID-19, the arrival time of the vaccine is uncertain.

However, under the myopia assumption, the analytical results of Sections 3 and 4 extend to

infinite or stochastic horizon, as behavior depends only on current incentives.

Pre-symptomatic individuals. Many diseases, including COVID-19, feature a pre-symptomatic

phase during which individuals are infectious but not yet symptomatic. Under the myopia

assumption, asymptomatic agents can be reinterpreted as pre-symptomatic individuals who

self-isolate upon symptom onset, leaving equilibrium behavior unchanged.

Waning immunity. For most viruses, immunity is not permanent. Introducing waning

immunity would affect agents who have previously experienced symptoms. When immunity

loss is sufficiently slow relative to the epidemic horizon, the share of agents who have lost

immunity is relatively small, and the equilibrium dynamics remain close to those we identify.

By continuity, uncertainty-driven infection rebounds are likely to persist.

Information about prevalence. In our model, individuals observe their own symptoms

but not aggregate prevalence. In reality, individuals form beliefs about prevalence also on

the basis of their social environment. Our model could be extended to include a noisy public

signal about prevalence. Whether uncertainty-driven second peaks persist in equilibrium

would then depend on the speed of learning in the population, thus on the informativeness

of this signal.
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Appendix

Let us recall here the main equations of the model:

ṡ(t | ω) = −k̄S(t | ω)s(t | ω)k̄A(t | ω)a(t | ω)βω (1)

ȧ(t | ω) = −αω ṡ(t | ω)− γωa(t | ω) (2)

pj(t | ω) =
(1− αω)e−

∫ t
0 kj(s)k̄A(s|ω)a(s|ω)βωds

αω + (1− αω)e−
∫ t
0 kj(s)k̄A(s|ω)a(s|ω)βωds

(6)

µj(t)(ω) =
µ0(ω)/(1− pj(t | ω))∑

ω′∈Ω µ0(ω′)/(1− pj(t | ω′))
(7)

Differentiating (6), we obtain

ṗj(t | ω) = −pj(t | ω)(1− pj(t | ω))kj(t)k̄A(t | ω)a(t | ω)βω (16)

A Proof of Proposition 1

Let us first express the values of ŝ, â, and µ̂ obtained when the population plays some

symmetric profile k̂. If kj(t) = k̂(t) for all j ∈ S(t | ω)∪A(t | ω), then k̄S(t | ω) = k̄A(t | ω) =

k̂(t), and there is p̂ such that pj = p̂ for all j. Plugging this into (1), (2), and (6), we obtain:

˙̂s(t | ω) = −k̂(t)2ŝ(t | ω)â(t | ω)βω (17)

˙̂a(t | ω) = −αω ˙̂s(t | ω)− γωâ(t | ω) (18)

p̂(t | ω) =
(1− αω)e−

∫ t
0 k̂(t)2â(t|ω)βω

αω + (1− αω)e−
∫ t
0 k̂(t)2â(t|ω)βω

(19)

26



Rewriting (17) as follows:
˙̂s(t | ω)
ŝ(t | ω)

= −k̂(t)2â(t | ω)βω,

and integrating between 0 and t, we obtain:

ŝ(t | ω) = s(0 | ω)e−βω
∫ t
0 k̂(u)2â(u|ω)du. (20)

Moreover, integrating both sides of (18) between 0 and t yields:

â(t | ω) = a(0 | ω)− αω(ŝ(t | ω)− s(0 | ω))− γω
∫ t

0
â(u | ω)du.

Plugging (20) and the identity a(0 | ω) = αω(1 − s(0 | ω)) into the latter expression, we

obtain:

â(t | ω) = αω − αωs(0 | ω)e−βω
∫ t
0 k̂(u)2â(u|ω)du − γω

∫ t

0
â(u | ω)du.

Finally, plugging (19) into (7), we obtain for all j:

µj(t)(ω) = µ̂(t)(ω) = µ0(ω)
αω + (1− αω)e−βω

∫ t
0 k̂(u)2â(u|ω)du

αω + (1− αω)Eµ0 [e−β
∫ t
0 k̂(u)2â(u)du]

∀ j, t.

Let us now prove that the strategy profile k̂ is an equilibrium. Suppose that the population

plays

k̂(t) = min

{
1,

cS
Eµ̂(t) [p̂(t)â(t)βvI ]

}
∀ t ≤ T,

thus that the dynamics of epidemics and beliefs are given by (11),(12) and (13). Let us

prove that no individual has a profitable deviation from k̂. Fix some player j. Plugging

k̄A(t | ω) = k̂(t) into (10), we obtain that player j’s best response to k̂ is:

kj(t)


= 1 if cS > k̂(t)Eµj(t)[pj(t)â(t)βvI ],

= 0 if cS < k̂(t)Eµj(t)[pj(t)â(t)βvI ],

∈ [0, 1] if cS = k̂(t)Eµj(t)[pj(t)â(t)βvI ].

Suppose that j has a profitable deviation k̃j from k̂ and let τ ≥ 0 be the first time player

j deviates, i.e., τ := min{t : k̃j(t) 6= k̂(t)}.

• At time 0, player j has the same beliefs as the rest of the population, hence Eµj(0)[pj(0)â(0)βvI ] =

Eµ̂(0)[p̂(0)â(0)βvI ].

• If k̂(0) = 1, then by definition of k̂, cS > Eµ̂(0) [p̂(0)â(0)βvI ], thus player j’s best

response at time 0 is kj(0) = 1 = k̂(0).
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• If k̂(0) = cS
Eµ̂(0)[p̂(0)â(0)βvI ]

< 1, then any kj(0) ∈ [0, 1] best responds to k̂(0).

This proves that player j has no profitable deviation from playing k̂(0) at time 0, thus τ > 0.

• For all t < τ , k̃j(t) = k̂(t), thus player j holds the same beliefs as the population at time

τ . It follows that Eµj(τ)[pj(τ)â(τ)βvI ] = Eµ̂(τ)[p̂(τ)â(τ)βvI ]. We can thus apply the previous

argument to prove that player j cannot improve her payoff by playing k̃j(τ) 6= k̂(τ), which is

a contradiction.

Finally, let us prove that k̂ is the unique symmetric equilibrium. Suppose on the contrary

that there exists another symmetric equilibrium strategy profile k̃ 6= k̂ and let p̃, µ̃ and

ã denote the associated equilibrium functions. According to the best response analysis, k̃

satisfies the following system at each time t:

k̃(t)

 = 1 if cS > Eµ̃(t)[p̃(t)ã(t)βvI ],

∈ [0, 1] if cS = k̃(t)Eµ̃(t)[p̃(t)ã(t)βvI ].

Let τ := min{t : k̃(t) 6= k̂(t)}. At time 0, beliefs are the same in both equilibria, thus

k̂(0) = k̃(0), which implies τ > 0. Because k̃(t) = k̂(t) for all t < τ , µ̃(t) = µ̂(t), p̃(t) = p̂(t),

ã(t) = â(t) for all t < τ , hence, by continuity, Eµ̃(τ)[p̃(τ)ã(τ)βvI ] = Eµ̂(τ)[p̂(τ)â(τ)βvI ]. This

entails k̃(τ) = k̂(τ), hence a contradiction.

B Proofs of Theorem 1 and Proposition 2

In what follows, we use the notation

χω :=
cS

βωvωI
.

B.1 Proof of Theorem 1

Fix some ω ∈ Ω and suppose that µ0(ω) = 1. Applying Proposition 1, in the unique

symmetric equilibrium, the level of social activity at time t is

k̂ω(t) = min {1,Φω(t)} ,

where

Φω(t) :=
χω

p̂(t | ω)â(t | ω)
. (21)
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Moreover, equilibrium dynamics are

˙̂s(t | ω) = −k̂ω(t)
2ŝ(t | ω)â(t | ω)βω (22)

˙̂a(t | ω) = â(t | ω)
(
αωβωk̂ω(t)

2ŝ(t | ω)− γω
)

(23)

˙̂p(t | ω) = −p̂(t | ω)(1− p̂(t | ω))k̂ω(t)2â(t | ω)βω (24)

Finally, recall that

ŝ(t | ω) = αω

1− αω

p̂(t | ω)
1− p̂(t | ω)

s(0 | ω) (25)

We start by proving what follows.

Lemma 1. If (a) k̂ω(0) < 1, (b) s(0 | ω) < γω

αωβω
1−αω

αω and (c) ˙̂a(0 | ω) < 0, then ˙̂a(t | ω) < 0

for all t ≤ T .

Proof. It is immediate from (22) than ŝ(t | ω) strictly decreases since ŝ(t | ω) and â(t | ω) are

positive. Define

ts := inf

{
t : ŝ(t | ω) < γω

αωβω

}
.

As k̂(t) ≤ 1, ˙̂a(t | ω) < 0 for all t > τs by (23). The aim of the proof is to show that conditions

(a), (b) and (c) together imply that ˙̂a(t | ω) ≤ 0 for all t ≤ τs.

By Condition (a), k̂ω(0) < 1, thus we can define

tk := inf{t : k̂(t) = 1}.

• If ts ≤ tk, then k̂(t) = Φω(t) < 1 for all t < ts. Plugging (21) and (25) into (23) yields:

˙̂a(t | ω) = â(t | ω)
(
(αωχω)2βωs(0 | ω)

1− αω

1

p̂(t | ω)(1− p̂(t | ω))â(t | ω)2
− γω

)
.

Differentiating this expression with respect to t, we obtain:

¨̂a(t | ω) =
˙̂a(t | ω)2

â(t | ω)
− (αωχω)2βωs(0 | ω)

1− αω

˙̂p(t | ω)
p̂(t | ω)2(1− p̂(t | ω))2â(t | ω)

(1− 2p̂(t | ω)).

If ˙̂a(t̄ | ω) = 0 for some t̄ < ts, then the latter expression evaluated in t̄ is:

¨̂a(t̄ | ω) = −(αωχω)2βωs(0 | ω)
1− αω

˙̂p(t̄ | ω)
p̂(t̄ | ω)2(1− p̂(t̄ | ω))2â(t̄ | ω)

(1− 2p̂(t̄ | ω)).
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However, by definition of ts, ŝ(t̄ | ω) > γω

αωβω , thus, under condition (b),

ŝ(t̄ | ω) > s(0 | ω) αω

1− αω
. (26)

Using (25), inequality (26) can be rewritten as:

p̂(t̄ | ω) > 1

2
,

which implies that ¨̂a(t̄ | ω) < 0. Moreover, ˙̂a(0 | ω) < 0 under condition (c). Therefore,
˙̂a(t | ω) < 0 for all t < ts if ts ≤ tk.

• Let us now prove that ts ≤ tk. Suppose on the contrary that tk < ts. Then, for all

t < tk, the former argument applies and proves that ˙̂a(t | ω) < 0 for all t < tk, thus

that ŝ(t | ω)k̂ω(t)2 < γω/(αωβω) for all t < tk. As ŝ(t | ω) is continuous in t,

lim
t→tk

ŝ(t | ω)k̂(t)2 ≤ γω

αωβω
,

i.e., ŝ(tk | ω) ≤ γω/(αωβω), which implies ts ≥ tk, thus a contradiction.

We now turn to the proof of (i) and (ii). It is immediate to see that Φω(t) is increasing

as p̂(t | ω) and â(t | ω) are decreasing by (24) and Lemma 1. Let us now prove that

limt→+∞Φω(t) = +∞. As ˙̂a(t | ω) < 0 for all t, â(u | ω) ≥ â(t | ω) for all u ≤ t, thus∫ t
0 â(u | ω)du ≥ t× â(t | ω). Plugging this inequality into (23), we obtain that, for all t,

0 ≤ â(t | ω) ≤ αω

1 + γωt
(1− ŝ(t | ω)), (27)

which proves that limt→+∞ â(t | ω) = 0 since the right-hand side of (27) converges to 0.

This and the fact that p̂(t | ω) is bounded proves that limt→+∞Φω(t) = +∞. Finally, by

condition (a), it holds that Φω(0) < 1. Therefore, there exists a unique τ̂ω ∈ (0,+∞) such

that Φω(τ̂ω) = 1, and k̂ω(t) is increasing for all t ≤ τ̂ω. This proves (i).

By definition of τ̂ω, τ̂ω > tk and we have proven that tk ≥ ts. This implies that τ̂ω > ts,

which further implies

ŝ(τ̂ω | ω) < γω

αωβω
.

This proves (ii).
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Finally, we express conditions (a), (b) and (c) as a unique condition pertaining on ηω.

Using the identity a(0 | ω) = αω(1− s(0 | ω)), these conditions are rewritten as follows:

(a) ηω > cS ,

(b) ηω >
(
αω − γω

αωβω (1− αω)
)
(1− αω)βωvωI := nb,

(c) ηω > 2αω(1− αω)βωvωI /

(
1 +

√
1 + 4αωγω

βω

(
1−αω

χω

)2)
:= nc.

The result of Theorem 1 is obtained by letting

n(ω) := max {cS , nb, nc} .

Lemma 2. The value of n(ω) is as follows.

• If
(
αω − γω

αωβω (1− αω)
)
< 0, then

n(ω) =

 nc if χω ≤ (αω − γω

βω )(1− αω),

cS if χω ≥ (αω − γω

βω )(1− αω).

• If
(
αω − γω

αωβω (1− αω)
)
> 0 and αω > 1/2, then

n(ω) =

 nb if χω ≤
(
αω − γω

αωβω (1− αω)
)
(1− αω),

cS if χω ≥
(
αω − γω

αωβω (1− αω)
)
(1− αω).

• If
(
αω − γω

αωβω (1− αω)
)
> 0 and αω < 1/2, then

n(ω) =


nb if χω ≤

(
αω − γω

αωβω (1− αω)
)√

αω(1− αω),

nc if χω ∈ [
(
αω − γω

αωβω (1− αω)
)√

αω(1− αω), (αω − γω

βω )(1− αω)],

cS if χω ≥ (αω − γω

βω )(1− αω).

Proof. Basic calculation.

B.2 Proof of Proposition 2

The severity condition holds if the following constraints are satisfied:

1. ηω ≥ cS ;
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2. ηω ≥ nb;

3. ηω ≥ nc;

We first analyze the impact of the parameters on each constraint.

• ηω ≥ cS ⇔ a(0 | ω)(1− αω)βωvωI ≥ cS

The left-hand term increases with a(0 | ω), βω and vωI and decreases with αω. Therefore,

an increase in a(0 | ω), βω or vωI relaxes the constraint 1, while an increase in αω

strengthens it. An increase in γω has no impact on constraint 1.

• ηω ≥ nb ⇔ a(0 | ω) ≥ αω − γω

αωβω (1− αω).

The left-hand term increases with a(0 | ω). The right-hand term increases with αω and

βω, and decreases with γω.

Therefore, an increase in a(0 | ω) or γω relaxes the constraint 2, while an increase in αω

or βω strengthens it. An increase in vωI has no impact on constraint 2.

• ηω ≥ nc ⇔ a(0 | ω) ≥ 2αω

1+
√

1+4αωγω((1−αω)vωI )
2βω/c2S

.

The left-hand term increases with a(0 | ω). The right-hand term decreases with βω, γω

and vωI , and increases with αω.

Therefore, an increase in a(0 | ω), βω, γω or vωI relaxes constraint 3, while an increase

in αω strengthens it.

Summarizing, constraints 1, 2 and 3 are (weakly) relaxed by an increase in a(0 | ω), γω, vωI
and (1− αω) and a decrease in cS . The impact of an increase in βω is ambiguous.

C Proof of Theorem 2

To lighten the notation, we write αi, βi, γi, and χi instead of αωi , βωi , γωi , and χωi for

i = L,H.

The proof strategy is to compare the equilibrium dynamics in state ωL with those of the

non-behavioral SIR model in the same state, i.e., when all individuals choose k(t) = 1 for all t.

It consists in three intermediary claims. We first prove that, in the non-behavioral SIR model,

the infection rate increases up to some time τωL > 0 and decreases afterwards, provided there

32



is no herd immunity at time 0 (Claim 1). Next, we prove that if individuals stop self-isolating

before τωL when they know that the state is ωH , then, in equilibrium they also stop self-

isolating before time τωL provided the prior probability of state ωH is large enough (Claim 2).

Then, we prove that if individuals stop self-isolating before τωL in equilibrium, then, in state

ωL, there is a non-empty interval of time during which the infection rate increases (Claim 3).

Claim 1. Let š(t | ω) denote the proportion of the susceptible pool at time t and state ω in

the non-behavioral SIR model. Let τωL := min{t, š(t | ωL) ≤ γL

αLβL }. If s(0 | ωL) >
γL

αLβL , τωL

is positive and defined by

τωL =

∫ s(0|ωL)

γL

αLβL

1

u
(
αLβL(1− u) + γL ln

(
u

s(0|ωL)

))du.
Proof. See section C.1.

Claim 2. If 0 < τ̂H < τωL, then there exist µ∗
1 < 1 and τ ∈ (0, τωL) such that, for all

µ0(ωH) ≥ µ∗
1, k̂(τ) = 1.

Proof. See section C.2.

Claim 3. If k̂(τ) = 1 for some τ < τωL, then there are t1 < t2 ≤ τ such that ˙̂a(t | ωL) > 0

for all t ∈ (t1, t2].

Proof. See section C.3.

We can now turn to the proof of Theorem 2. Consider two epidemic states ωH and ωL

such that ηωH > n(ωH), ηωL > n(ωL) and the following conditions holds:

A : a(0 | ωL) <
αL(αLβL−γL)

αLβL−γL+γLe
αLβL

γH

(
αH (1−αH )

χH
−1

)

B : ηH > ηL

By definition, n(ωH) ≥ cS . Condition ηωH > n(ωH) thus implies a(0 | ωH)βHvHI (1−αH) > cS ,

which can be rewritten as a(0 | ωH)(1 − αH) > χH . As a(0 | ωH) ≤ αH by assumption, it

follows that

(i) χH < αH(1− αH).
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Moreover, applying Theorem 1, we know that there exists a positive, finite cutoff τ̂H such that

kH(τ̂H) = 1. Let us bound the cutoff τ̂H . As inequality (27) holds for all t and ŝ(τ̂H | ωH) ≥ 0,

we can write:

τ̂H ≤ 1

γH

(
αH

â(τ̂H | ωH)
− 1

)
.

Yet, by definition of τ̂H , it holds that ΦH(τ̂H) = 1, which implies

â(τH | ωH) =
χH

p̂(τ̂H | ωH)
.

Because p̂(τ̂H | ωH) ≤ p̂(0 | ωH) = 1 − αH , it follows from the latter expression that â(τ̂H |

ωH) > χH/(1− αH), which further yields:

τ̂H <
1

γH

(
αH(1− αH)

χH
− 1

)
.

The inequality (i) χH < αH(1−αH) has two direct consequences. First, the upper bound on

τ̂H is strictly positive. Second, the following inequality holds:

αL(αLβL − γL)

αLβL − γL + γLe
αLβL

γH

(
αH (1−αH )

χH −1
) < αL − γL

βL
.

Therefore, under condition A it holds that a(0 | ωL) < αL − γL

βL , which is equivalent to

s(0 | ωL) >
γL

αLβL
.

We can therefore apply Claim 1 and state that there exists τωL > 0 such that ˙̌a(t | ωL) > 0 if

and only if t < τωL . Basic integration techniques allow to prove that the cutoff τωL satisfies :

τωL >
1

αLβL
(ln

(
αLβL − γL

γL

)
− ln

(
1− s(0 | ωL)

s(0 | ωL)

)
).

Moreover, condition A is equivalent to the right hand term in the above expression being

larger than 1
γH

(
αH(1−αH)

χH − 1
)

. Therefore, condition A implies:

τ̂H < τωL .

We can thus apply Claim 2 and Claim 3, and state that there exists µ∗
1 < 1 and t1 < t2 < τ̂H

such that ˙̂a(t | ωL) > 0 on (t1, t2) provided µ0(ωH) > µ∗
1.

Let us now prove that ˙̂a(0 | ωL) < 0. Since ηωL > n(ωL), we know by Theorem 1 that

prevalence decreases in state ωL under certainty. In particular, it decreases in time 0, which

implies:

s(0 | ωL) <
γL

αLβL

1

k̂L(0)2
.
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Condition B is equivalent to k̂H(0) < k̂L(0). Therefore, under B it holds that

s(0 | ωL) <
γL

αLβL

1

k̂H(0)2
,

which is equivalent to
˙̂aH(0 | ωL) < 0.

It is straightforward to prove that limµ0(ωH)→1
˙̂a(0 | ωL) = ˙̂aH(0 | ωL). Therefore, there exists

µ∗
2 < 1 such that, if µ0(ωH) > µ∗

2, equilibrium prevalence decrease at time 0 in state ωL, i.e.,

∀ µ0(ωH) > µ∗
2,

˙̂a(0 | ωL) < 0.

Taking µ∗ = max{µ∗
1, µ

∗
2}, we can state that for all µ0(ωH) > µ∗, â(t | ωL) decreases in time

0 and increases on (t1, t2) with 0 < t1 < t2 < τ̂H .

We conclude by proving that one can find ωL and ωH that satisfy the conditions of

Theorem 2.

Lemma 3. There exist ωL : (a(0 | ωL), α
L, βL, γL, vLI ) and ωH : (a(0 | ωH), αH , βH , γH , vHI )

such that a(0 | ω) < αω and

(a) ηH > n(ωH)

(b) ηL > n(ωL)

(c) ηH > ηL

(d) a(0 | ωL) <
αL(αLβL−γL)

αLβL−γL+γLe
αLβL

γH
(
αH (1−αH )

χH
−1)

Proof.

Let us first prove that, if αH < 1/2, χH ∈
(
(αH − γH

βH )(1− αH), a(0 | ωH)(1− αH)
√

αL

1−αL

)
and αL < 1/2, then condition (a) is satisfied. By Lemma 2, when αH < 1/2 and χH >

(αH − γH

βH )(1− αH), condition (a) is rewritten

(a) ⇔ a(0 | ωH) >
χH

1− αH
.

Yet, as αL < 1/2,
√

αL

1−αL < 1, hence inequality χH < a(0 | ωH)(1 − αH)
√

αL

1−αL implies

χH < a(0 | ωH)(1− αH), which proves (a) is satisfied.

35



Next, let us prove that if χH ∈
(
(αH − γH

βH )(1− αH), a(0 | ωH)(1− αH)
√

αL

1−αL

)
, αL < 1/2,

αL − γL

αLβL (1− αL) > 0 and

(∗) αHβH − γH >
αLβL

ln((1− αL)(αLβL − γL))− ln((αL)2βL − γL(1− αL))
:= A(αL, βL, γL),

then the set

C := {(a(0 | ωL), v
L
I ) such that (b), (c), and (d) hold}

is not empty.

As αL < 1/2 and αL − γL

αLβL (1− αL) > 0, if χL ≤
(
αL − γL

αLβL (1− αL)
)√

αL(1− αL), then

by Lemma 2, condition (b) is rewritten

(b) ⇔ a(0 | ωL) > αL − γL

αLβL
(1− αL).

Moreover, condition (c) is rewritten

(c) ⇔ a(0 | ωL) <
χL

1− αL

a(0 | ωH)(1− αH)

χH
.

Observe that the right-hand term in the above inequality is larger than αL − γL

αLβL (1 − αL)

if and only if χL >
(
αL − γL

αLβL (1− αL)
)

(1−αL)χH

a(0|ωH)(1−αH)
. As χH < a(0 | ωH)(1− αH)

√
αL

1−αL ,

the interval((
αL − γL

αLβL
(1− αL)

)
(1− αL)χH

a(0 | ωH)(1− αH)
,

(
αL − γL

αLβL
(1− αL)

)√
αL(1− αL)

)
is not empty, thus for all χL in this interval, conditions (b) and (c) are satisfied for all values

a(0 | ωL) ∈
(
αL − γL

αLβL
(1− αL),

χL

1− αL

a(0 | ωH)(1− αH)

χH

)
.

The set

C′ := {(a(0 | ωL), v
L
I ) | (b) and (c) hold}

is thus non empty. Moreover, as χH > (αH − γH

βH )(1− αH), it holds that

αL(αLβL − γL)

αLβL − γL + γLe
αLβL

γH
(
αH (1−αH )

χH −1)
>

αL(αLβL − γL)

αLβL − γL + γLe
αLβL

αHβH−γH

:= z(αHβH − γH).

As a consequence, a(0 | ωL) < z(αHβH −γH) ⇒ (d). Finally, it is straightforward to see that

the set

C′′
:= C′ ∩

{
(a(0 | ωL), v

L
I ), a(0 | ωL) < z(αHβH − γH)

}
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is not empty if and only if z(αHβH − γH) > αL − γL

αLβL (1 − αL), which is equivalent to

condition (∗). As we have proven that C′′ ⊆ C, the result follows.

Let us now conclude the proof. It is possible to choose αL, βL, γL, αH , βH , γH and vHI as

follows:

1. αL < 1/2 and βL, γL such that αL − γL

αLβL (1−αL) > 0 (which implies αLβL − γL > 0).

2. αH < 1/2 and βH such that αHβH > A(αL, βL, γL)
√

1−αL

αL .

As αL < 1/2, A(αL, βL, γL) > 0. Moreover, as αHβH > A(αL, βL, γL)
√

1−αL

αL , the interval

(αHβH(1−
√

αL

1−αL ), α
HβH −A(αL, βL, γL)) is not empty. This allows to chose

3. γH ∈ (αHβH(1−
√

αL

1−αL ), α
HβH −A(αL, βL, γL)).

As γH < αHβH − A(αL, βL, γL), condition (*) is satisfied and αHβH − γH > 0. As γH >

αHβH(1 −
√

αL

1−αL ), the interval
(

cS
√

1−αL

αHβH(1−αH)
√
αL

, cS
(αHβH−γH)(1−αH)

)
is not empty, and we

can chose

4. vHI ∈
(

cS
√

1−αL

αHβH(1−αH)
√
αL

, cS
(αHβH−γH)(1−αH)

)
.

The latter point implies cS
√

1−αL

βHvHI (1−αH)
√
αL

< αH , hence we can chose a(0 | ωH) as follows:

5. a(0 | ωH) ∈
(

cS
√

1−αL

βHvHI (1−αH)
√
αL

, αH

)
.

Point 5. directly implies that a(0 | ωH) < αH .

Points 4. and 5. imply (αH− γH

βH )(1−αH) < χH < a(0 | ωH)(1−αH)
√

αL

1−αL , which, together

with inequalities αL < 1/2 (point 1.) and αH < 1/2 (point 2.), imply that (a) is satisfied.

Moreover, points 1., 2., 3., 4. and 5. guarantee that the set C is not empty. Therefore, we

can choose a(0 | ωL) and vLI such that

5. (a(0 | ωL), v
L
I ) ∈ C.

As (a(0 | ωL), v
L
I ) ∈ C, conditions (b), (c) and (d) are satisfied. Finally, as the right-hand side

in inequality (d) is smaller than αL, it holds that a(0 | ωL) < αL.
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C.1 Proof of Claim 1

Let us denote by š(t | ωL) and ǎ(t | ωL) the fraction of the population susceptible and

infected without symptoms at time t when the epidemic is ωL in the non-behavioral SIR

model. Plugging k(t) = 1 into (1) and (2), we obtain the dynamics:
˙̌s(t | ωL) = −βLš(t | ωL)ǎ(t | ωL),

˙̌a(t | ωL) = ǎ(t | ωL)(α
LβLš(t | ωL)− γL),

with š(0 | ωL) = s(0 | ωL) and ǎ(0 | ωL) = a(0 | ωL).

(28)

We work towards a contradiction. Suppose in contrast that š(t | ωL) > γL/(αLβL) for all

t. This implies ˙̌a(t | ωL) > 0 for all t, thus ǎ(t | ωL) > a(0 | ωL) for all t. As š(t | ωL) =

s(0 | ωL)e
−βL

∫ t
0 ǎ(u|ωL)du by (28), this further implies that š(t | ωL) < s(0 | ωL)e

−βLa(0|ωL)×t

for all t, hence that limt→+∞ š(t | ωL) = 0, which contradicts š(t | ωL) > γL/(αLβL) for all

t. This, together with s(0 | ωL) > γL/(αLβL) and the fact that ˙̌s(t | ωL) ≤ 0 for all t, proves

that there is a unique τωL such that š(τωL | ωL) = γL/(αLβL). Let us now give the analytical

expression of τωL . Combining the first two equations of (28), we obtain that, for all t,

˙̌a(t | ωL) = −αL ˙̌s(t | ωL) +
γL

βL

˙̌s(t | ωL)

š(t | ωL)
.

Integrating the latter expression between 0 and t, we obtain:

ǎ(t | ωL) = a(0 | ωL)− αL(š(t | ωL)− s(0 | ωL)) +
γL

βL
ln

(
š(t | ωL)

s(0 | ωL)

)
.

Plugging that into the dynamics of š yields

˙̌s(t | ωL) = −βLš(t | ωL)

(
a(0 | ωL)− αL(š(t | ωL)− s(0 | ωL)) +

γL

βL
ln

(
š(t | ωL)

s(0 | ωL)

))
,

thus

−
˙̌s(t | ωL)

βLš(t | ωL)
(
a(0 | ωL)− αL(š(t | ωL)− s(0 | ωL)) +

γL

βL ln
(

š(t|ωL)
s(0|ωL)

)) = 1

Integrating both hands between 0 and τωL , we obtain:

τωL = −
∫ τωL

0

˙̌s(t | ωL)

βLš(t | ωL)
(
a(0 | ωL)− αL(š(t | ωL)− s(0 | ωL)) +

γL

βL ln
(

š(t|ωL)
s(0|ωL)

))dt
Proceeding to the variable change u := š(t | ωL) and du = ˙̌s(t | ωL)dt, we further obtain:

τωL = −
∫ γL/(αLβL)

s(0|ωL)

1

βLu
(
a(0 | ωL)− αL(u− s(0 | ωL)) +

γL

βL ln
(

u
s(0|ωL)

))du
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=

∫ s(0|ωL)

γL/(αLβL)

1

βLu
(
a(0 | ωL)− αL(u− s(0 | ωL)) +

γL

βL ln
(

u
s(0|ωL)

))du
Using the identity a(0 | ωL) = αL(1− s(0 | ωL)), the above expression is rewritten

τωL =

∫ s(0|ωL)

γL

αLβL

1

u
(
αL(1− u) + γL ln

(
u

s(0|ωL)

))du.
C.2 Proof of Claim 2

Let Φ̂(t) be defined by

Φ̂(t) =
cS

Eµ̂(t) [p̂(t)â(t)βvI ]
,

so that k̂(t) = min{1, Φ̂(t)}. Also, let us recall the notation k̂H(t), âH(t | ω) and p̂H(t | ω)

for equilibrium values when µ0(ωH) = 1, and

ΦH(t) =
cS

p̂H(t | ωH)âH(t | ωH)βHvHI
,

so that k̂H(t) = min{1,ΦH(t)}. By definition, ΦH(τ̂H) = 1.

It is straightforward to show that

lim
µ0(ωH)→1

Φ̂(t) = ΦH(t) ∀ t. (29)

Taking t = τωL , (29) implies that, for all ε > 0, there is µε such that for all µ0(ωH) ≥ µε,

Φ̂(τωL) > ΦH(τωL) − ε. As τH < τωL and ΦH(t) is strictly increasing in t, ΦH(τωL) >

ΦH(τH) = 1, thus we can take ε = ΦH(τωL)− 1 > 0 and state that there is µε < 1 such that,

for all µ0(ωH) ≥ µε, Φ̂(τωL) > 1.

Taking t = 0, (29) implies that, for all ε′ > 0 there is µε′ < 1 such that for all µ0(ωH) ≥ µε′ ,

Φ̂(0) < ΦH(0)+ ε′. As τH > 0, ΦH(0) < 1. Thus we can take ε′ := 1−ΦH(0), and state that

there is µε′ < 1 such that ∀ µ0(ωH) ≥ µε′ , Φ̂(0) < 1.

Taking µ∗
1 = max{µε, µε′}, we can state that for all µ0(ωH) > µ∗

1, Φ̂(0) < 1 < Φ̂(τωL).

As Φ̂ is continuous in t, if µ0(ωH) > µ∗
1 there exists τ ∈ (0, τωL) such that Φ̂(τ) = 1, i.e.,

k̂(τ) = 1.

C.3 Proof of Claim 3

The aim of this claim is to prove that if individuals stop social distancing in epidemic ωL

before the cutoff time τωL , then there must be a time interval on which the infection rate
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increases. We work towards a contradiction. As 1) ˙̌a(t | ωL) > 0 on [0, τωL), 2) τ < τωL and

3) â(0 | ωL) = ǎ(0 | ωL), it is clear that if ˙̂a(t | ωL) ≤ 0 for all t ≤ τ , then â(t | ωL) < ǎ(t | ωL)

for all 0 < t ≤ τ As, in addition, k̂(t) ≤ 1 for all t, it follows that,

â(t | ωL)k̂(t)
2 < ǎ(t | ωL) ∀ 0 < t ≤ τ,

which implies

ŝ(t | ωL) > š(t | ωL) ∀ t ≤ τ.

By definition of τωL , š(t | ωL) > γL/(αLβL) for all t ≤ τωL . This implies in particular:

ŝ(τ | ωL) > γL/(αLβL). (30)

Because k̂(τ) = 1,
˙̂a(τ | ωL) = â(τ | ωL)(α

LβLŝ(τ | ωL)− γL).

By (30), ˙̂a(τ | ωL) > 0, which contradicts the assumption ˙̂a(t | ωL) ≤ 0 for all t ≤ τ .

Therefore, there is 0 ≤ t1 < t2 ≤ τ such that ˙̂a(t | ωL) > 0 on (t1, t2).

D Calibration

To illustrate our findings, we simulate the equilibrium dynamics in the case where there

are two possible epidemic states ωL and ωH , which differ only by the initial penetration

value a(0 | ω). We set a(0 | ωL) = 0.01 and a(0 | ωH) = 0.05. Otherwise, the medical

parameters αω, βω, γω and νω are the same in both states and are calibrated to the COVID-19

pandemic, thus ωH is more severe than ωL.

• Pollan et al. (2020) find that the proportion of asymptomatic individuals in the Spanish

population who developed antibodies to the SARS CoV-2 ranges from 21.9% to 35.8%,

thus we arbitrary set αω = 0.3.

• Recovery from SARSCOV2 was usually estimated to take two weeks (see, e.g., Remuzzi

and Remuzzi (2020)), which implies γω = 1/15.

• To calibrate βω, we use the value of the basic reproduction number R0, i.e., the average

number of secondary infections produced by a typical infected individual in a population

where everyone is susceptible, whose estimation ranges between 2.5 and 3.5. In our
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model, R0 = βωαω/γω. We set R0 = 3.2, and therefore set βω = 3.2γω/αω, which

yields βω ' 71%.

• Finally, the Fatality-Infected ratio has been estimated between 0.3% (Gudbjartsson

et al. (2020)) and 0.7% (Verity et al. (2020)). We arbitrarily set a fatality rate

νω/(νω + γωs ) = 0.5%, which yields νω ' 0.033%.

We adapt the calibration of Fenichel et al. (2011), who study a discrete-time model in

which they set the discount rate to δ = 0.99986, which corresponds to a 5% annual discount

rate. The analog of δ in a continuous-time model is r = − ln(δ), thus we set the discount rate

to r = − ln(0.99986) ' 0.014%.

Finally, we arbitrarily set the cost parameters to cS = 1 and vω
I = −37.
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