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Abstract

This paper studies the effect of social norms on the evolution of epidemics. Individuals make binary

decisions regarding the level of protection from contagion and the payoffs from those decisions would

depend on the popularity of their choices. Social norms can influence the decision both by lowering the

payoffs from playing outside the norm or by lowering the probability of interaction. I’ve found that the

stronger the norms are, the higher the incidence of the disease needed for agents to start protecting,

but also, the eradication is easier to occur. I extend the analysis to the asymptomatic latency case

and I extend the model to include different variations affecting the agents’ decisions. Finally, I analyze

different types of government interventions to eradicate the disease.1
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1 Introduction

The study of epidemics has been the focus of numerous works in both social and natural sciences. While

some works try to quantify the extent and intensity of the diffusion of disease, some others look to

predict how would different variables affect the extent of contagion. These models have been useful to

describe propagation not only of different types of human, animal and crop diseases but also computer

viruses, human behavior, technology, information, ideas, etc. While some of these structures are static

over changes in the prevalence rate, some models require to account for decision making at the micro

level as a response to changes in the environment. Examples of this are decisions over vaccination, social

distancing, sexual prophylaxis, abstinence, regular hygiene, burial procedures, etc. These actions will

also shape the progression of the disease as they modify the rate at which it is propagated. That is, the

aggregation of individual best responses to a signal has an impact on future signals observed by them.

Within an epidemics’ framework, this decision is between a risky action and a costly but protective one,

and the choice is made depending on the relative risk between them.

Some behaviors have payoffs that are dependent on their frequency in the population, either because

they need coordination, to avoid costly misunderstandings or there is a social cost of behaving oddly.

Attitudes towards prevention is not an exception. This is specially important in the early stages of the

epidemic, when a group of agents whose opportunity cost of deviating is lower want to break with the

norm.2 This peer pressure against deviation would increase the amount of risk necessary for some agents

to play differently than the rest.

Peer pressure is not the sole component affecting this decision as it is affected by other factors

such as comfort, misunderstanding of the nature of the disease and the monetary cost of protection

that makes riskier actions more desirable for the population.3 The effect of norms and peer pressure

regarding attitude towards risk has been very well documented4 since the outbreak of HIV/AIDS in the

1980s, when the scare of the growing disease led to part of the population to use protection. However,

the use of protection is unequal in different societies, even when the prevailing risk should lead agents

to adopt such behavior. These works found that individuals listed their perceived attitude towards risk

of others as a reason to justify their behaviors. For sex workers, forcing protection could end in loss of

clients. That is, absent these type of rigidities, a more rapid switch to protection would occur, leading

to a lower level of prevalence at the peak of the epidemics.5

2Hrdy, D., (1987), Manguvo, A., Mafuvadze, B., (2015)
3Jadack RA et al (1997), Maharaj, P. (2006). Though the literature is quite extensive in these matters
4Kelly et al., 1997,Hart & Peterson, 2004), Peterson et al (2008), Miner et al (2009)
5Vanlandingham et al (1995), Pohorila et al (2010), Polk, et al (2011), Matson,et al (2014)
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Agents in this model will solve an intertemporal maximization problem. They have a binary choice

in each period of a high risk or a low (no) risk action.6 The model used is the Susceptible-Infected (SI),

which means that once an agent is infected, it will stay that way until her death. This was chosen due

to the simplicity to isolate the effects. A Susceptible-Infected-Susceptible (SIS) or Susceptible-Infected-

Recovered (SIR) models, would add an extra variable in the time of recovery and an extra type of players,

without changing the main results regarding the decision making process.

In this model, agents will base their decisions on the expected value of each strategy, given the

information available. The effects of norms is addressed in two ways. On one side, through the availability

of partners, denoted by the function ν: the less popular a strategy is, the less probable an agent would

find a partner in that period.7 On the other hand, ω, measures the effect of peer pressure on the utility,

independently of the probability of interaction. Then, when the norm8 is to play the risky action at the

beginning of the contagion, we will observe that the disease will peak at a higher level than when these

peer effects are absent.

Since the mid 1990s, theoretical literature regarding modeling epidemics, has been studying the

problem from two perspectives: autonomous epidemics, on one side, and micro-founded epidemics,on

the other. The first case focuses the analysis on how the epidemic would spread on certain structures

of human relations and how this spread could be minimized through public policy, either by strategic

immunization or by treatment9, but the rates of contagion are fixed. This work fits on the second

group. Among those works that focus on individual behavior, one branch studies the decision making

of individuals regarding their level of social interaction. Kremer (1996), Auld (2003), Reluga (2010),

Aadland et al. (2010), Chen (2011, 2012), analyze the change in the optimal number of partners chosen

by agents to interact with a risky strategy. In this work’s model, this social distancing is not part of the

agent’s choice but, it can be done indirectly by picking the action with lower popularity.

6Although it’s not part of the main objective of the paper, this model can be extended to commercial environments,

like immunizing cattle or crops(which has to be done periodically, since the animals are renewed and new crops are planted

every season) or buying a seed that is more resistant to plagues, but it would imply to break with traditions or social bias

against certain companies
7It will be assumed throughout the paper that negotiations are between equals and a disagreement would lead to no

interaction. Self-efficacy, bargaining, and power imbalance between gender roles (See Pulerwitz, J., et al (2002), White et

al (2003), Murphy et al (2006), Kerrigan (2007)) won’t be treated in the model
8Throughout the paper we will refer to norm as the case when the peer effect functions are active and the profile of

strategies is overwhelmingly on one strategy.
9This literature is quite extensive because since there’s no individual strategic interaction, models of diffusion of ideas

and technologies can be used also for epidemics. I found interesting approaches in Pastor-Satorras and Vespignani (2001,

2002), Jackson and Lopez Pintado (2015), Kleckowski et al (2012), Galeotti and Rogers (2013).
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Another line of research focuses on the decision over costly protection to prevent infection. This

prevention can be permanent, like vaccines (Brito et al (1991), Chen (2006b), Chen and Toxværd (2012),

Toxværd (2015, 2016b), or temporary, with the decision being repeated in each period (Geoffard and

Philipson (1996), Chen (2004, 2006a) Goyal and Vigier (2015), Mathies and Toxværd (2015)). Even

though decisions over vaccination are affected by social norms too, the SI model fits better in the second

line of research. This paper’s model follows the same type of logic but, in addition to the indirect effect

of the path of play through the level of prevalence, each strategy’s utility depends directly from the

behavior of her peers.

Although not in the same way as this work, there’s a subset of the literature that include direct

effect of other agents’ actions in the payoff of strategies. In Schroede and Rojas (2002), agents are

paired with another and they play a multi-staged bargaining game regarding protection. Although the

expected outcome depends on other agents’ strategies, their preferences for them is given exclusively

by the relative risk. In Bauch (2005), agents have the option to switch strategies only if they observe

another agent playing differently than them and they are better off switching, and the probability of

being exposed would depend on this alternative strategy’s popularity. This direct effect comes through

the probability of learning of better alternatives than from the social costs of acting differently than the

majority.

The closest work is the one of Oraby, Thampi and Bauch (2014) where they reproduce Bauch

(2005)’s model but they add what they call injunctive social norms in the way of a reward proportional

to the number of users. As far as I’m concerned, this is the only work in which norms are included

directly in the utility function. My model differs in many ways. In their work, they focus in long

term immunization. In this paper, the social cost comes not only from punishment but also from the

possibility of finding another agent matching strategies. This is important since the strategy played by

infected individuals become relevant to the evolution of the disease.

The concept of equilibrium used throughout the paper is Evolutionary Stable Nash Equilibrium

as the resulting norm in steady state should be robust to small invasions of mutants. Preferences are

heterogeneous and the agents’ expected payoffs are dynamic not only because of the changes in other

agents’ play, but the evolution of risk over time would change the relative payoffs of each strategy. This

has a double effect on the dynamics. As more agents adopt low risk strategies, the rate of prevalence

would decrease, lowering the relative risk of unsafe practices. On the other side, gains in popularity

of this low risk strategy would increase the social cost of playing the risky one, countering the effect

of lower relative risk. Moreover, this, opens the possibility for multiple equilibria for the same level of
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prevalence.

Then, policies aimed to reduce the level of prevalence, on one side will require a greater amount of

effort in the initial stages to break these social barriers, but also, given the presence of multiple attractors,

their design should be to equilibrium selection instead of long term distortions. For example, policies

like free distribution of condoms or providing better information regarding the risk of transmission can

be ineffective if the incentives forgo the effect of social costs from breaking with the norm. But also, this

open the possibilities for policies oriented to decrease the cost of opportunity of prevention by weakening

the norm.10 Data has shown that individuals can adopt different behaviors depending on their perception

of the strength of the norm. A weaker norm would reduced their expected social costs from deviating.

Standard literature on epidemics also assume infected individuals would take risk by default since

the threat of contagion is not a factor in their decision making. Data shows that their behavior is not as

such.11 These social costs from playing differently than the majority can make the infected individuals

decision making less trivial as they will have incentives to play low risk actions even when they don’t

have anything to prevent for.12 That is, without a need to assume any sort of altruism in regards to

passing the disease to another agent, an infected individual can still do it for selfish reasons to avoid

losing social standing. This will have consequences on the evolution of the disease.

Although in this model it will be assumed that agents learn their health status immediately, an

interesting feature of certain diseases like HIV/AIDS is that the latency period between infection and

manifestation is not as such. This uncertainty would lead to formation of beliefs that would affect the

opportunity cost of deviating, when these beliefs turn to be ’fatalistic’, as seen in Kerwin (2012) and

Greenwood et al (2013). I analyze this case in an Online Appendix to show that the basic results and

structure are unchanged.

The paper continues as follows: in Section 2, I introduce the model and analyze the effect of peer

pressure on equilibria and dynamics. In Section 3, show the effects on the design of policies. In a separate

online Appendix I extends the model to other possible setups, including the case of asymptotic latency.

10Albarracin et al (2005)
11CDC (2004)
12This is not exactly true since there are multiple STDs, and different mutations within the same disease, that can

increase the negative effect on health, so those individuals infected with a weak one, might want to prevent from acquiring

a stronger one. On this, Geretti, A.M. et al (2009), Poudel et al (2011), Pant Pai et al (2012).

This model would simulate the effects of only one type of disease. Aadland, Finnoff, Huang (2010) modeled the case where

there are two possible diseases to be infected with.
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2 Model

There is a unit measure of risk neutral agents that has a binary choice in each period between a ’risky’

(R) and a ’less-risky’ (N) strategies. The stage payoff of a positive outcome from choosing strategy A is

u (A). Strategy N is costly and this is represented by u (R) > u (N). Suppose that agents are indexed

over the interval [0, 1], increasingly according to their preferences over R and decreasing over N , that is

u1 (R) ≥ ul (R) ≥ u0 (R) > u0 (N) ≥ ul (N) ≥ u1 (N) for l ∈ (0, 1), where Preferences are distributed

under a cumulative distribution F , where f (i) denote the density of type i over the total population,

and uR(i)/uN (i) will be distributed between uR(1)/uN (1) and uR(0)/uN (0). To ease the understanding

of the results, we will assume that both extremes have a positive density.13

As described in the introduction, social norms have a two effects in the utility. On one side, the one

related purely to social standing/punishment among peers (ωAt ). On the other, the probability of finding

another agent matching strategies (νAt ). That is, agents would be playing the following coordination

game:

R N

R ωRt u
i(R) 0

N 0 ωNt u
i(N)

where an individual would find another one playing R with probability νRt and N with probability

νNt .14

Definition 1. There are two basic setups in this model:

a) Under the non assortative setup, agents interact with a random agent of the population, regardless if

their strategies match.

b) Under the assortative setup, agents only interact with another agent with whom they are successfully

matched. Two agents are ’successfully matched’ if they coordinate in one of the Nash Equilibria

{R,R} , {N,N}, else there is ’no successful match’.

Matching won’t be required in all setups, and when it’s not, the only active social component of the

utility will come from ω.The only decision an agent makes each period is σi,ht (A) ∈ [0, 1] , which is the

probability that the agent, of type i and health status h, plays A ∈ {N,R} in that period. I will discuss

in detail the agents’ problem after introducing the disease, but it’s worth to notice that even though

13In most of our examples, we will use a simple binary distribution with P (0) and P (1) = 1− P (0)
14We will define them properly later. Not necessarily νNt = 1− νRt willhold.
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agents can play mixed strategies, the solution will eventually be of the bang-bang type and therefore

they will eventually play pure strategies almost everywhere15 as the probability of reaching an outcome

under any setup of the model such that the a positive measure of agents would be indifferent is zero.

In this world, there’s an infectious disease that can only be transmitted in case that a player has a

positive contact (successful match) with an infected . In the first period, each type of agent starts with

a level of prevalence Ii0, and the aggregate incidence is I0 =
∫
f (i) Ii0di. Agents can be either healthy

(H) or infected (I). The disease is of the Susceptible-Infected (SI) type, which means that once an agent

is infected, there’s no cure and remains as such.16 In each period agents would leave the system with

a probability δ, that is independent of their health status. A more realistic assumption would have

different death ratios for susceptible and infected agents, but this won’t affect the outcome of this work

qualitatively as the value lost in utility due to a shorter life can be included in the cost of being infected,

as it will be shown later.

Let IAt be the proportion of infected agents among those playing A.

IAt =

∫
i f (i)σi,It (A) Iitdi∫

i f (i)
(
σi,It (A) Iit + σi,Ht (A)

(
1− Iit

))
di

As mentioned in the introduction, µAt =
∫
f (i)

(
σi,It (A) Iit + σi,Ht (A)

(
1− Iit

))
di, is the proportion

of agents playing A in that period. Even though µRt = 1 − µNt holds in every period, for clarity in the

exposition I will continue using both variables. These variables, besides affecting the rate at which the

disease spreads, are the ones that define the peer effect on the agent’s decision, νAt = ν
(
µAt
)
∈
[
µAt , 1

]
and ωAt = ω

(
µAt
)
∈ [0, 1],17 and both functions are increasing in µ,18 and equal to 1 when µ = 1.19

15In the sense that either an event of indifference has a zero probability of occurrence, or the measure of agents indifferent

is zero
16As it was mentioned in the introduction, not only there are many types of disease but each disease has mutations that

can be more aggressive than others, which means that even infected individuals could have an incentive to protect regarding

their health.

I will assume there’s only one disease out there and once an agent is infected, her status can’t change
17Alternatively, this function can be thought as a reward-punishment function such that ω(µ) ∈ [ω, ω] such that

ω(µN )+ω(µR)
2

= 1.
18Note that ν(µ) is constrained to be higher than µ while ω(µ) is not. This is because in this model we assume that

the worse case scenario regarding the probability of matching is just a one shot random matching with uniform probability

distribution. ω is treated differently as it might be the case where acting outside the norm is highly penalized, for example,

ω(µ) = µ2

19We treat ν as independent from history. A more realistic approach in which agents could form longer term partnerships,

should have a dual value such that if a strategy is rare and ν is low for low values of µ, agents would be willing to form a

longer term partnership once they meet someone coordinating strategies, and that partnership might lose strength as that
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Definition 2. Let ν, ω and ν ′, ω′ be functions for two different societies, if ν(µ)ω(µ) first order stochas-

tically dominates ν ′(µ)ω′(µ), then the social norm is stronger in the former than in the latter

In this sense, for example, in societies where the prevailing social norm is that everybody play R

(µRt = 1), the cost of leaving the norm, ceteris paribus, would be higher in those societies where the

norm is stronger because ν(µNt )ω(µNt )u(N) will be lower.

Let λA be the probability of being infected by exposure to a carrier of the disease by playing A and

let πAt = π
(
λA, It, I

A
t

)
be the risk of contagion when having a successful match in A. Let λR > λN In the

case of perfect mixing the function will depend on It and when assortativity is perfect, on IAt . I assume

that λA only affects the rate at which the disease is acquired but not the rate at which is transmitted.20

Additionally, I will assume in general that the non-risky strategy offers an efficient method to prevent

contagion (λN is low enough).21

It will be assumed initially that there’s no asymptomatic latency period. That is, once the agent

is infected, she is aware of her health status and this is private information (symptoms are not observed

by other agents). Later in the paper I will explore the possibility of agents being carriers of the disease

but not having symptoms.

2.1 Agents

Agents observe signals over the matching probabilities and risk of each strategy and decide their strategy.

I will assume that agents are not aware of the distribution of types in the population, and only observe{
µNt−1, µ

R
t−1, It

}
, that is, the only information available is how the population played last period and

the actual level of prevalence of the disease, but not specific information about types. Then, they

estimate Σ̃t =
{
ν̃
(
µNt−1

)
, ν̃
(
µRt−1

)
, ω̃
(
µNt−1

)
, ω̃
(
µRt−1

)
, π̃ (It) , π̃ (It)

}
22, which are their probability of

being successfully matched, their social component of the utility and risk of being infected.23 Then,

strategy becomes more popular.
20An example of the latter is the case that if an infected player play λN , the rate at which she can pass the disease to

others is lower.
21If neither strategy can provide enough protection, a third strategy regarding social distancing should be included in

the model as we might have that both risks could reach such a high level that some types would have negative expected

utility on both strategies and would prefer to ’sit out’ for the next period. Under the perfect mixing model, this leads to

choosing the ’best of the bad scenarios’, and when a matching is needed, the risk in either strategy could be so high that

healthy agent would pick the less popular strategy as a way of socially distancing.

Therefore, with a rate of transmission low enough we guarantee that the agent’s utility will be non-negative for at least one

of the strategies and avoid the need to include the option of sitting out.
22To simplify notation I will use Σ̃t =

{
ν̃Nt , ν̃

R
t , ω̃

N
t , ω̃

R
t , π̃

N
t , π̃

R
t

}
23Note that the first two components would be irrelevant when there’s no assortativity
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using the information available, π̃At = λAIt, which won’t be accurate under perfect assortativity, since

the proportion of infected individuals playing each strategy would be different. That is, if IAt > It, the

real risk λAIAt would be higher than the π̃At used above. In Section 3, I will explore the case in which

agents can access to better information about the risk of each strategy, ĨAt ∈
[
IAt−1, It.

]
. Agents perfectly

observe last period’s µ’s, but since they have no knowledge of the distribution of preferences, they are

unable to predict the current period’s value. Therefore, for example, when an agent type i decide to

switch from A to −A, she wouldn’t be accounting for all the other agents of her same type switching

with her.

An agent of type i has a utility ν̃At ω̃
A
t u

i (A) from playing A when healthy, and ν̃At ω̃
A
t u

i (A) − C

when infected, where C is the expected cost of being infected for the rest of the agent’s life. I will assume

that C > maxi

(
ui (R)

δ

)
, so that there’s a negative lifetime utility from being infected, whatever is the

outcome in that period. I will also assume that the agent’s expectations are myopic in the sense that

they are unable to predict the future evolution of the disease and other players’ strategies. That is, if

the agent is healthy, the value function of using strategy A is

V i,H
t

(
σi,Ht , Σ̃t

)
= σi,Ht (R)V i,H

t

(
R, Σ̃t

)
+
(

1− σi,Ht (R)
)
V i,H
t

(
N, Σ̃t

)

V i,H
t

(
A, Σ̃t

)
= ν̃At

(
ω̃At u

i (A)− (1− δ) π̃At C
)

If infected, the value function is:

V i,I
t

(
σi,It , Σ̃t

)
= σi,It (R)V i,I

t

(
R, Σ̃t

)
+
(

1− σi,It (R)
)
V i,I
t

(
N, Σ̃t

)

V i,I
t

(
A, Σ̃t

)
= ν̃At ω̃

A
t u

i (A)

The problem for an infected individual is much simpler but nevertheless not trivial, since it will

depend on the sign of ν̃Rt ω̃
R
t u

i (R) − ν̃Nt ω̃Nt ui (N). This breaks with the standard literature on trans-

mission of diseases that assume that someone who’s infected has no incentive to switch from the risky

strategy. In this case, even without assuming any sort of altruism in their utility function, depending

on the profile of strategies of the population, there might be social costs for not playing with the crowd.

The decision of the healthy player is a little more complex as the risk of infection is part of their decision

making.
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Once that agents make their choice, we obtain the profile of strategies σ̄t, from which we can

calculate the true values of µRt , µ
N
t , π

R
t , π

N
t for period t, that will determine the realized utility and new

health status for agents, define the new levels of prevalence for the next period. That is, agents who don’t

anticipate a change of strategy in part of the population might not choose their ex post best alternative.

The system starts with everybody is playing R at the beginning, µR0 = 1, and.I0 > 0. This is not

the only Nash Equilibrium in the disease-free game if there is no assortativity and the most efficient one

when matching strategies is required. In this case, there might exists another equilibria with separating

strategies but, although they could be interesting departure points for study of dynamic evolution in gen-

eral, it would be more interesting to assume that agents are playing the risky strategy from the beginning.

2.2 General Model

First we need to define some characteristics of the functions defining the norms:

Assumption 1. : 1) ν (0) ≥ 0, ν (1) = 1, ν
(
µAt
)

is increasing in µAt and such that ν
(
µAt
)
∈
[
µAt , 1

]
;

and 2) ω (0) = ω ≥ 0, ω (1) = 1, ω
(
µAt
)

is increasing in µAt

The initial condition of all agents playing R with a small number of infected agents is not enough

to guarantee that the disease would eventually have any effect on the behavior of the population.

Lemma 1 defines the thresholds for the different scenarios in strategies and prevalence level:

Lemma 1. Let µR0 = 1, and 0 < I0 < ε, then

a) if λR <
δ

1− δ
, It −→ 0;

b) if
δ

1− δ
< λR <

u0 (R)− ν̃ (0) ω̃ (0)u0 (N)

(1− δ)CI (λR)
+ ν̃ (0)λN , ’All R’ remains an equilibrium with It −→

I > 0;

c) if λR >
u0 (R)− ν̃ (0) ω̃ (0)u0 (N)

(1− δ)CI (λR)
+ ν̃ (0)λN , ’All R’ can never be a steady state equilibrium

Proof. In the Appendix
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This result is straightforward: given the starting point of the game, the extent of the disease would

depend on the rate of contagion λR. If it’s too low, the epidemic would die out. If the value is not too

high, the disease would be endemic, having a positive fraction of agents constantly infected, but the

cost of opportunity of switching behavior would be too high, given the relatively low risk of contagion.

Finally, once λR reaches a value high enough, the proportion of infected will increase, raising the risk

to a point in which at least one type of agents will be willing to deviate. That is, assuming a positive

steady state for the risky action (λR >
δ

1− δ
) is not enough since it can be sufficiently low that no one

has an incentive to deviate at any realized level of prevalence.

Corollary 1. The maximum level of of prevalence such that no agent would be better off by deviating,

is

Ī =

(
ui (R)− ν̃Nt ω̃Nt ui (N)

)
(1− δ)

(
λR − ν̃Nt λN

)
C

Proof. : Using the proof for the previous corollary,

(
u0 (R)− ν̃ (0) ω̃ (0)u0 (N)

)
= (1− δ)

(
π̃Rt − ν̃Nt π̃Nt

)
C

Ī = It =
ui (R)− ν̃ (0) ω̃ (0)ui (N)

(1− δ) (λR − ν̃ (0)λN )C

That is, all agents will play R until they observe the level of prevalence reaching Ī. We need the

disease evolving in such a way that at some point, at least one of the healthy types is willing to deviate

to N . However, it won’t be necessary to assume that λR is higher than the second threshold. One

interesting setup would be the one where not considering the effect of norms would lead to a cascade of

changes in behavior while strong norms would predict no deviation at all.24

Note that there is no need to make assumptions over assortativity for the moment. When everyone

plays R, IRt = It, and even when considering deviations, if agents have no information over the proportion

of the infected’s strategies, the true incidence on each strategy won’t be used in the decision making

(but it will eventually affect the spread). In the following proposition we observe that the higher the

social cost of playing against the rest of the agents, the higher will be the levels of prevalence supporting

24Nevertheless, the dynamics depend strongly on the distribution of preferences, if f(0) = 0, then while the lowest type

will deviate, there won’t be any impact on the course of the epidemics.
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a pooling equilibrium in R. Define

∆i(µR, µN , I) = ν(µR)(ω(µR)ui(R)− (1− δ)λRIC)− ν(µN )(ω(µN )ui(N)− (1− δ)λNIC)

Proposition 1. Let α be such that ν̃(α, µA), ω̃(α, µA) are continuous, differentiable and increasing in

α, and ν̃(1, µA) = 1, ω̃(1, µA) = 1

a) Let Īν (α) be the minimum value of I such that ∆i(1, 0, Īν(α)) < 0 for at least some type i. Let λN

be low enough such that, λNui (R)− λRω (0)ui (N) < 0 for at least one type, then dĪ (α) /dα < 0

and Īν (1) < Īν (α) < Īν (0) for all α ∈ (0, 1)

b) Let Īω (α) be the minimum value of I such that ∆i(1, 0, Īω(α)) < 0 for at least some type i. Then,

dĪω (α) /dα < 0 and Īω (1) < Īω (α) < Īω (0) for all α ∈ (0, 1).

c) ω̃ (0) , ν̃ (0) are strategic complements on Ī

Proof. In the Appendix

This is an important result: the higher the social cost from leaving the norm, the higher the level at

which the epidemic has to reach for agents to switch. This means that, given that the rate of contagion

is the same regardless of the structure of utility if all agents play in the same way, underestimating the

strength of the norms would predict an early switch to healthier behaviors by part of the population.

Figure 1, shows the case where the norm is given by ω̃A = µA + β(1 − µA) and there’s no assortative

matching. There is a range of values for I such that agents would be willing to play N if there was no

perceived social punishment from doing it. That is, some agents would be willing to switch to N once

I = 0.7 but given the social cost of doing it (by choosing an action different than the rest), they won’t

switch until the risk of contagion is higher. On the extreme case, when the peer pressure is such that

the utility is perfectly proportional to its popularity, the low type would not find themselves better off

deviating for another 15 periods, when the disease reached three times the size as the baseline model

would predict.

For the same reason, when λR is low enough, we might even observe that agents would never

deviate from R as the disease reaches a steady state when norms are strong but a different dynamic is

predicted if these effects are overlooked, as shown in Figure 2. In this sense, we will observe later that a

policy that could deem effective to reduce prevalence when agents are not affected by the norm, might

have no effect when peer pressure is strong.
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Figure 1: Evolution of the epidemic until first deviation for two types. f i = 1/2,

ui(R) = 1− ui(N), u0(R) = 0.6, u1(R) = 0.8, λR = 1/7, λN = 1/28, δ = 1/30

Figure 2: Same setup as Figure 1 with the difference that λR = 1/15 instead of 1/7

Note that I haven’t necessarily assumed that λN = 0. This is because in most cases, total

protection cannot be guaranteed. Either in the example of cremation of the dead, use of condoms

and certain practices of personal hygiene, agents can still have problems of self efficacy or product

malfunction, and therefore, switching from R can still have positive chances of contagion. The only

assumption we need for the first result of the proposition is that the protection offered be good enough

to compensate for the opportunity cost of switching (λ
N

λR
< ω(0)ui(N)

ui(R)
).
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2.3 Equilibria

After the first batch of agents deviated from the norm, the dynamics of the model can lead to different

types of outcomes. This doesn’t mean the system will converge there and that the equilibrium would

be unique. If λR is higher than the second threshold of Lemma 1, there can be three types of outcome

for these dynamics: Pooling on N, Separating strategies and Cycles. Each of these outcomes not only

will depend on the relative risk but also would be sensitive to the distribution of preferences in the

population and the strength of the social component in their utilities.

Proposition 2. Let I
(
λN
)

be the steady state prevalence level when all play N , and let u1 (N) >

ν̃ (0) ω̃ (0)u1 (R), then µN = 1 is a Nash Equilibrium steady state only if

λN <
u1 (N)− ν̃ (0) ω̃ (0)u1 (R)

(1− δ)CI (λN )
+ ν̃ (0)λR

Proof. : Let µN = 1. Given the assumption, infected idividuals would not have incentives to deviate.

Then, let ∆i,h
(

Σ̃t

)
= V i,h

t

(
R, Σ̃t

)
− V i,h

t

(
N, Σ̃t

)
be the incetive for an agent type i and health status

h to play R given the state Σ̃t. Then, using the same procedure as in Lemma 1, ∆i,H
(

Σ̃t

)
< 0 if

λN <
ui (N)− ν̃ (0) ω̃ (0)ui (R)

(1− δ)CI (λN )
+ ν̃ (0)λR

For which the threshold is lower for the highest type.

Note that, again, the threshold is sensitive to the effect of ν̃ (0) , ω̃ (0), but in this case for strategy

R instead of N . The assumption u1 (N) > ν̃ (0) ω̃ (0)u1 (R) is necessary not only for infected players not

to deviate if everyone else converges on N , but also for healthy players of high type in case the prevalence

converges to 0. Then, given the assumption, λN low enough would give a low (or no) prevalence such

that the equilibrium hold. If the assumption is relaxed, a portion of the infected will play R in every

period,25 regardless of the rest and, even if all healthy players find optimal to play N , if the epidemic

is endemic (this can be achieved with a λN high enough), there would always be a positive measure of

infected playing R. This would also mean that if the level of prevalence reaches a very low value (or

zero), the highest types among the healthy will also have an incentive to deviate to R.

25u1 (N) < ν̃ (0) ω̃ (0)u1 (R) doesn’t mean that all infected types would play R unconditionally. It can be the case that

still uj (N) > ν̃ (0) ω̃ (0)uj (R) for some j ∈ [0, 1). Then, it can still be the case that there’s no complete eradication in

steady state.
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Note also that if the model don’t account for peer effect (ω̃ = ν̃ = 1), all infected agents would

play R regardless. The only way to have a steady state with µN = 1 would need to have all healthy

playing N and the prevalence should converging to zero. But since uj (R) > uj (N) for all j, no such

equilibrium is possible. Then, peer effects are necessary for this equilibrium to hold. The following

proposition shows what are the conditions on the strength of the norm such that for some values of the

paramenters, this pooling in N equilibrium holds.

Proposition 3. a) Let ν̃
(
α, µA

)
, ω̃
(
α, µA

)
be continuous, differentiable and increasing in α as in

proposition 1, Let λN <
ui (N) + δC

(1− δ)C
, so that µN = 1 is a Steady State Nash Equilibrium when

α = 0. Then there is a α∗ such that, for all α > α∗, µN = 1 cannot be a Steady State Nash

Equilibrium.

b) Let ν̃
(
α, µA

)
, ω̃
(
α, µA

)
and λN be defined as in a). Then there is a α∗∗ such that, for all α > α∗∗,

all healthy play N cannot be a Steady State Nash Equilibrium. If λN < δ/ (1− δ) , a∗ = a∗∗

Proof. In the Appendix

The result doesn’t mean that the disease won’t be eradicated for those values of α but that the

safe behavior cannot hold in equilibrium. This means that if governments have additional incentives

to keep their citizens playing N for reasons foreign to the disease (because of sanitary reasons such as

Cholera or to keep pregnancies out-of-the-wedlock low, if the population is not aware of those risks),

policy intervention might be needed to keep players from deviating.

Note also that the lower the value of α, the lower the incentive to deviate from this equilibrium,

and therefore the larger the necessary tremble in µ to break the stability.

So far, only the extreme types were necessary to describe the pooling equilibria. The analysis

of separating steady state equilibria requires a higher degree of complexity because it depends on the

distribution of preferences and the requirement or not of assortativity. That is, the distribution would

determine the level of prevalence in steady state such that agents don’t have an incentive to deviate.

On the other side, in an assortative model, a separating equilibrium will have a fraction of agents not

able to successfully match, and therefore, the rate of transmission for a given strategy profile would be

different than when agents perfectly mix.

Definition 3. Let σ be a profile of strategies for all types in all health status, then agents play a separat-

ing strategies profile if
∑

h=H,I

∫
i f (i)σi,ht (A) ∈ (0, 1) for each strategy. Healthy agents play separating
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strategies profile if there are two subset of types with positive measure, such that σi,Ht (A) 6= σj,Ht (A),

for i, j being types in each of the subsets.

That is, we need to find two types, iH , iI such that for i ≥ iH all healthy play R and for i > iI all

infected play R, and at least one of them is in (0, 1). Then, defining It as the vector of levels of prevalence

for each type, we can define a function G(µ̃Nt , π̃
R
t , π̃

N
t , It) which represents the measure of agents that

are better off by playing N , when µNt agents do so. the first three variables of G are involved directly in

setting the relative payoffs between strategies. The last vector of variables It is involved in setting the

value of the measure since a type might choose a different strategy depending on its health status, and

the size of this divergence will depend on the level of prevalence of each type. Note that given that types

are monotone in preferences, there’s only one possible strategy profile for each G(µ̃Nt , π̃
R
t , π̃

N
t , It). Then,

if G(µ̃Nt , π̃
R
t , π̃

N
t , It) > µ̃Nt , more agents would play N and if the inequality is reversed, the measure of

agents playing N will decrease. The stage game has a Nash Equilibrium if G(µ̃N , π̃R, π̃N , I) = µ̃N , and

this will be a steady state if the vector I is constant. While it’s easy to see that there would always exist

a NE in the stage game using Kakutani’s fixed point, it might not be true for the steady state when the

distribution of preferences is discrete. This is because the range of values for πR, πN , I that would hold a

certain σ as a Nash Equilibrium, don’t have any element such that the level of prevalence is in a steady

state level.

Suppose that for some profile σ, there is a I such that the profile is a steady state Nash Equilibrium

in separating strategies. How would this equilibrium change when ω, ν are more variable with respect to

µ. That is, let ω(µ), ν(µ) be functions as described earlier in the paper, and let w(α, µ) = α+(1−α)ω(µ)

and v(α, µ) = α + (1 − α)ν(µ), increasing in α (which represents by the weakness of the norm). Using

both functions to analyze the effect of α, can lead to inconclusive outcomes, so we will do it separately.

First, suppose that ν(µ) = 1. Agents will decide which strategy to play based on the sign of ∆i
t =

w(α, µR)ui(R)− π̃Rt C −
(
w(α, µN )ui(N)− (1− δ)π̃Nt C

)
whose derivative with respect to α is

∂∆i
t

∂α
= (1− ω(µ(R)))ui(R)− (1− ω(µ(N)))ui(N)

The sign depends on the preferences (increasing in type) and the relative value of the social com-

ponents in the utility.(this change affects in the same way to both healthy and infected of the same

type), but it is clear that the larger the ratio ω(µ(R))/ω(µ(N)), the stronger would be the incentive to

play R with the majority, and therefore the higher the probability of this equilibrium not being feasible.

For very small values of ω(µ(R))/ω(µ(N)), the deviation would be on the other direction as long as
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∆ changes sign for at least one type. This change of sign is not guaranteed when the distribution of

preferences is discrete, but it will when f is continuous since Delta would be equal to zero for at least

one healthy or infected type (or both).26 In this case, if a lower value of α has a positive impact in

∆i∗, then this indifferent agent (and other types in a neighborhood under i∗ that played N) will play R.

But this will induce a higher µR and therefore a new steady state with higher level of prevalence. The

opposite would happen lower α induces a negative ∆i∗.

It is worth noting that when the ratio ω(µR)/ω(µN ) is low, it will induce low level of prevalence

in the long run, and an equilibrium would be more likely to hold in steady state when α is low, since

weaker peer effect will make deviation of higher types more likely as It decreases. The evolutionary

stability is not guaranteed since trembles in strategies would distort the relative payoffs through the

relative risk. If f doesn’t have large jumps in a neighborhood of the types closer to indifference, a

change in I product of the tremble could lead to a new equilibrium with a different level of prevalence

in steady state. For example, a negative shock in µN would make R more attractive but would also lead

to a higher prevalence rate in the next period, pushing µN upwards. But this, opposing force could be

insufficient to restore the previous steady state since there would be other types, close in preferences,

where the new threshold in σ can settle. When the gap to the deviation threshold is high, relatively

small shocks in µ (and their effects in I) might not be sufficient to lead other agents to a deviation.

Analyzing the case for v(α, µ) would increase in complexity since a change in α not only brings

change in the relative payoffs in the similar way as the previous case, but also, changing the probability

of finding another agent matching strategies would change the steady state value for I, even without

changing the profile of strategies. Lower α would lower the number of matches in every period and the

same profile of strategies would lead to lower rates of contagion for each strategy.

2.4 Dynamics

Once that the first cohort of agents deviate from R at t0, strategy N would be more attractive since

ω(µNt0+1) > ω(0), ν(µNt0+1) > ν(0) and 1 > ω(µRt0+1), 1 > ν(µRt0+1). Once the norm became weaker as

some of the agents started playing N , other types might follow. On the other side, higher µN would

change the rate of contagion, and therefore the level of prevalence and the estimated risks. If the relative

risk continues to grow, this will reinforce the effect of higher µN while a lower value would play against

and might eventually reverse the effect of a weaker norm since R would become more attractive.

26this is true when the equilibrium is a separating in strategies one. If agents are pooling in one of the strategies, then

it is possible that the inequality of ∆ is strict for all types
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Define G(µ̃Nt , π̃
R
t , π̃

N
t , It) as in the previous subsection, representing the fraction of agents willing to

play N when µN do it. Given the monotonicity of preferences in types, this means that this measure is

formed by the lower (healthy and infected) types whose cost of opportunity of playing N is the lowest.

Before t0, G(0, π̃Rt , π̃
N
t , It) = 0 as in Figure 3.a. In this example, G is below the 45 degree line for

all values, but this doesn’t have to be the case. There can be a crossing at a positive value of µN

(another NE) but as long as it pass through the origin, since µ̃Nt = µNt−1 = 0 there will be no incentives

to deviation. As the relative risk from playing R increases, agents would require a lower fraction of

agents playing N to find more attractive to switch, moving G to the left (the shape doesn’t have to be

preserved since, on one side, new types that would find tempting to deviate at some µN ≤ 1, and since

It is growing, the fraction of lower types willing to deviate at small values of µN decreases). Once it

reaches the vertical axis, G(0, π̃Rt , π̃
N
t , It) > 0 as in Figures 3.b and 3.c.

Figure 3: Same setup for different values of It, increasing from left to right. (a) No

type has an incentive to deviate from N. (b) Two equilibria. (c) One equilibrium,

reached after two steps.

Suppose that the risk factors remain fixed over time. A deviation of Gt0 agents will lead to

G(Gt0 , π̃
R, π̃N , I) agents playing N in period t0 + 1. In Figure 3.b, G(Gt0 , π̃

R, π̃N , I) = Gt0 and µN

settles there. In figure 3.c, G(Gt0 , π̃
R, π̃N , I) > Gt0 and there is another group of agents deviating to N ,

and the game finally settles in Gt0+1.

But as the profile of strategies changes over time, so does the relative risks for each strategy and

the rate of propagation of the disease. If the deviation cannot stop the growth in the relative risk of

playing R, G will continue to move leftwards and new subsets of agents might find themselves better

of by switching to N , while the opposite effect might lead to a reverse of the sign of ∆ for some of the

agents that deviated from R in previous periods. This could be seen by looking at Figures 3.b & c, and

moving from the Nash Equilibrium of one figure to the one of the other.27 Moreover, if the sequence

27Although this case would reflect one in which the relative risk doesn’t change significantly in the period when the

population adjusts strategies.
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of G(Gt−1, π̃
R
t , π̃

N
t , It) > Gt−1, is long enough, and movements in It are large, the game might evolve

without reaching its (temporary) equilibrium. Only when I achieves a steady state, the stage Nash

Equilibrium will be stable.

Note that when agents’ decisions are independent of their peers, G(µN , π̃R, π̃N , I) is going to be a

flat line, showing the measure of those such that ui(R)− (1− δ)πRt C < ui(N)− (1− δ)πNt C. Denote this

G(π̃R, π̃N , I). 28 This changes when functions ν(µ), ω(µ) are active. Note that ui(R)− ν(0)ω(0)ui(N) >

ui(R)− ui(N) > ν(0)ω(0)ui(R)− ui(N), ∀i, which means that we preserve the same expected net cost

of infection, G(0, π̃R, π̃N , I) < G(π̃R, π̃N , I) < G(1, π̃R, π̃N , I). This inequality should always hold when

agents perfectly mix (ν = 1) for any function ω, or when ui(A)− (1− δ)πAC > 0 for A ∈ {R,N}.

The range of µN at which G(µN , π̃R, π̃N , I) < G(π̃R, π̃N , I) will depend both on the distribution of

preferences f and, especially, on the concavity of the social components of the utility. For example, if

f is skewed to lower types, G will grow fast for lower values of µN , leaving G over the 45 degree line

for a considerable range of µ. A similar distribution for G would have a quick sequence of jumps of the

function as long as It continues to grow. On the other side, when ω(0) is low but it grows significantly

for low values of µ, the ratio ω(µN )ui(N)
ω(µR)ui(R)

grows rapidly after the lowest types deviate, inducing a higher

rate of deviation for low values of µN . This means that a considerable portion of G will be over the 45

degree line. Added to this that when ω(0) is low, the first cohort breaking with the norm will deviate at

a higher rate of prevalence than on the benchmark model, it opens the possibility of convergence at a

higher µN than the benchmark (and therefore, achieving a lower prevalence rate in the long term), giving

a single (high) peak to the evolution of the prevalence level. However, if the function grows too fast for

low values of µN , this means that the ratio at which ω(µR) remains high is wider, and therefore limits

highest feasible steady state for µN . On the other side, even though the initial stages of the cascade are

slower when ω is convex, the ratio ω(µN )/ω(µR) grows at a faster pace for higher values of µN . Convex

ω can lead to higher prevalence on the peak of the disease, but lower level of disease in the steady state.

This property of G, of being increasing and opening the possibility of multiple equilibria can

work in favor of policies that look to contain or eradicate the disease. When the social functions are

inactive, any policy seeking higher µN will lower the level of prevalence, but as soon as this policy is

discontinued, this lower value of I will induce to lower µN , and the dynamics would lead to the unique

steady state. In the following section we will see that this multiple equilibria property can be used by

the policymaker to induce an equilibrium that reduce the level of prevalence in steady state, and whose

stability is not dependent on the continuation of the policy in the long run.

28This would also be a way to observe uniqueness in equilibrium in this case.

19



3 Policy Implications

There are several approaches that policy makers could use to reduce the effect of the an epidemic outbreak

and this will depend on the nature of the disease and means available. In our setup, for example, we

assumed that both strategies are available and agents choose the one that will given them higher expected

utility.29 In this section three different policies will be explored: reducing the cost of opportunity of N

(through an ε such that ui(N)+ε
ui(R)−ε ), increasing the information about levels of prevalence and increasing

the information about other agents’ willingness to deviate. These policies could be explored in a deeper

analysis and their simplified version serves as an example of its effectiveness in reducing the extent of

the contagion. Moreover, the decision over their application should include both the level of prevalence

and the effects on welfare, since there is a trade off between lower utility in the present period (by

playing costly N) and increasing the external cost of higher level of prevalence in the future. Not only a

policy pushing an early deviation can be costly in resources needed, but also induce Pareto dominated

outcomes.30

3.1 Reducing the cost of opportunity of N

Suppose the government can (costly) reduce the cost of opportunity of playing N by a certain amount

εt. That is, ∆i
t = ν̃Rt ω̃

R
t

(
ui (R)− ε

)
− ν̃Nt ω̃Nt

(
ui (N) + εt

)
+ (1− δ)

(
ν̃Nt λ

N − ν̃Rt λR
)
ItC. Then, given

an endowment of resources, the government set a sequence of εt such that they can maximize its

objective function. This function can be either maximizing the aggregate utility or just minimizing the

total number of infected.31 The details of this optimization problem will be left for the Appendix. The

focus of this subsection is to compare the effects of different policies to different strengths of the social

norms. If individuals only base their decisions on the risk of contagion, the only variable to take into

account in their decision making is the level of prevalence:

ui (R)− ui (N)− 2εt
(1− δ) (λN − λR)C

 > It, type i plays N

< It, type i plays R

29As it is the case with condoms, that are not always available in certain regions
30See Toxværd (2015)
31Since there is a loss in utility from protection, minimizing the extent of the disease might not be efficient.

20



Once it crosses the threshold, type i will switch strategies. Then, depending on the distribution,

any optimal strategy looking to contain the disease should involve either a constant or a cyclical infinite

sequence of positive values for εt, to keep at least part of the population playing N and keep the rate of

prevalence at a low level. Cycles might arise if F is not continuous and the new level of I is low enough

that those types who switched to N when εt was implemented, go back to R as the risk is low enough.

In Figure 4 we observe the effect of ε on a setup where there are two types of agents. A temporary

policy can only work to retard the explosion, but the rate of growth will return to the level as if the

policy never took place.

Figure 4: f={0.6,0.4}, ui(R) = 1 − ui(N), u0(R) = 0.6, u1(R) = 0.75, λR = 1/17,

λN = 1/36, δ = 1/30. The blue lines corresponds to the evolution of the game without

any policy, the green ones to a policy of ε = 1/15 for 100 periods. The red ones to the

same policy but applied permanent

In this example, when there’s no policy, we have a continuous cycle in which low types switch to

N after the prevalence level reaches the threshold and then return after they are better off by playing

R once It decreases. The policy brings an earlier switch, when the prevalence is half the value of the no

policy case. Low types deviate from R and don’t switch back as long as the policy is still active. Once

the subsidy stops, the dynamics resumes almost identically as if nothing has happened in the previous

100 periods. A permanent small subsidy is more effective than a large one for a short period of time.

A policy designed for this type of dynamics might be ineffective once we introduce norms in the

model. Stronger norms imply higher cost of deviating when most or all players are playing one strategy.

This will have not only an effect on the utility but on the subsidy as well since ν̃ (0) ω̃ (0)
(
ui (N) + εt

)
(but still, the effect will be full decreasing the utility of playing R). Therefore, we will observe that not

only a policy of constant small subsidies might have lower impact when the norms are strong than when
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they are weak, but also we might see no effect at all. Eventually, policies of short term big shocks can be

more effective to control the disease since the peer pressure effect would prevent agents from switching

back to R.

We will study the effects in each factor ν̃, ω̃ separately, assuming the other one is equal to 1, since

ν has also direct effect on the rate of contagion.

3.1.1 The effect of subsidy under perfect mixing ω̃

Let νR = νN = 1. The new threshold for It at which agents would start deviating to N becomes lower

as the cost of opportunity of switching decreases with ε.32

Ī =
u0 (R)− ω̃ (0)u0 (N)− (1 + ω(0))εt

(1− δ) (λR − λN )C

Once µNt agents are playing N , this strategy becomes more appealing since the social cost of playing

it is lower: ui(R) − ω̃(0)ui(N) − (1 + ω(0))εt > ω̃(µRt )ui(R) − ω̃(µNt )ui(N) − (ω(µRt ) + ω(µNt ))εt. The

distribution of preferences will determine if there are new types deviating to N or not, and that will

determine the evolution of µN , µR (and will also shape the evolution of It). Then the system can create

endogenously a cascade effect, stabilize in a separating equilibrium, or cycle.

In Figure 5, we repeat the permanent policy of permanent subsidy and we compare its effect with

the case of no policy for different linear combinations of ω(µRt ) (we define ωAt = µAt + β(1 − µAt )). The

difference is that in this case we chose a higher λR and the sole observable consequence of the policy in

this case is a slight earlier departure from the norm. The only exception is β = 2/3 for which the policy

brings an completely different outcome.

A more interesting example would be when λR has a relatively lower value such that at some point

the low type agents switch to N under the no norm scenario, but they won’t for low values of β, as we

see in the leftmost column of Figure 6. In this case, it is possible that the same policy used before, that

is effective under the no norm scenario, may have no impact for stronger peer effects scenarios. That

is, let ω̃
(
β, µAt

)
= µAt + β

(
1− µAt

)
. If the steady state level of prevalence when all agents pool on R is

I
(
λR
)

= 1− δ

(1− δ)λR
then, the case described above is such that:

32This subsidy affects directly the gross cost of opportunity of playing R, but this is also affected by the norm. If this

transfer is independent of the norm (ω(µN )u(N) + ε), the effect on the threshold would be double or almost double than

in the examples below. By running the same simulation as in Figure 6 both models will differ more, the lower ω(0).
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Figure 5: Same setup as Figure 4, but λ = 1/14. It compares the effect of the

permanent subsidy of ε = 1/15 for different strengths of the linear peer pressure

u0(R)− u0(N)− 2εt
(1− δ)(λR − λN )C

< 1− δ

(1− δ)λR
<
u0(R)− ω̃(β, 0)u0(N)− (1 + ω̃(β, 0))εt

(1− δ)(λR − λN )C

Then, we can see in the figure that a permanent small subsidy has an impact for cases where

ω̃ (β, 0) is close enough to 1, but it is useless for lower values.

But this doesn’t necessarily mean that it would be needed a bigger overall budget but, as we’ve

seen above, a larger concentration of effort in a shorter period of time such that not only the lower types

gain from deviating, but also there’s eventually enough agents playing the new strategy that no subsidy

would be needed to either sustain that profile of strategies in equilibrium, or generate the snowball effect

endogenously.33 This is never possible in the lower rows since ω̃ (2/3, 0)u1 (R) > u1 (N), so at some

point before eradication, some healthy agents will switch back to R, starting again the process. Note

also that this shock is not even enough to push the scenario of the top row out of the All R equilibrium.

This policy of subsidy doesn’t have to be applied to the whole population. When It is high enough,

the threshold µN such that G(µN , π̃Rt , π̃
N
t , It) > 0 would be a relatively low value. A government that

lack the resources to apply the policy to the entire population might try to subsidize a fraction of agents

such that the µN threshold is reached. However, the same effect applies: for this policy to be effective,

33As a matter of fact, in that example, we can achieve exactly the same outcome for β = 1/3 if we apply the subsidy for

two periods only. I decided to use 100 to show a meaningful effect on the weaker norm cases.
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Figure 6: Same setup as figure 4 (back to λ = 1/17). Left: No policy. Middle:

ε = 1/15 applied permanently. Right: ε = 1/5 applied between periods (125,224).

its shock in relative payoffs must be large when the peer pressure to play with the norm is strong.

Figure 7 shows the effect of different timing of this temporary policy. Too early and

ui(R) − εt − ω̃(0)
(
ui(N) + εt

)
+ (1− δ)

(
λN − λR

)
ItC > 0 and the policy might not have any

effect. A policy applied too late, will have an impact in the total number of infected but its reduction

would be suboptimal.

Figure 7: Effect of timing on the performance of a temporary policy
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This problem of timing would be more complex than in Figure 7 if there was a larger number

of types, and long lasting effects would require either multiple shocks or sustaining one over time.

Moreover, if the policymaker doesn’t have accurate information regarding preferences, this window of

policies would need to be wider, the smoother the density function is.

3.1.2 Subsidy under assortative matching

Suppose that ωA = 1 and the matching technology is such that ν (µ) ≥ µ, and players need to match

strategies. The effect of a subsidy would be similar than in the previous case, but the dynamics can

be severely affected by assortativity and the matching technology given that they impacts the rate of

contagion. That is, given that the rate of contagion is now given by ν
(
µAt
)
λA, in each period, there will

be µRt
(
1− ν

(
µRt
))

+µNt
(
1− ν

(
µNt
))

players unmatched. Therefore, for a given rate of prevalence, there

will be λRIRµRt
(
1− ν

(
µRt
))

+ λNINµNt
(
1− ν

(
µNt
))

new infections less than under perfect matching,

and this value would be higher under any matching mechanism that FOSD another. This is important

because a policy aimed to accelerate an early departure from µR = 1, may find that the rate of prevalence

is dropping faster than the rate at which agents switch to N, and therefore agents will start to switch

back bringing a rebound to the rate of prevalence. Then, while it may look as desirable to have a lower

rate of contagion, a cyclical evolution can lead to a higher number of infected individuals in the long

run.

This higher tendency to cycling can be observed in the willingness to deviate of agents. In the

following proposition we will compare the how the model changes when agents need to match strategies

in order to have positive utility. For this, we will compare the model of the previous subsection (where

ν (µ) = 1) to this new setup, but using that both functions are equal

Proposition 4. Suppose there are two different setups such that their willingness to deviate are given by

∆ω
t (Σ̃t) = ω̃Rt u(R)− (1−δ)π̃Rt C−

(
ω̃Nt u(N)− (1− δ)π̃Nt C

)
and ∆ν

t (Σ̃t) = ν̃Rt
(
µ̃Rt u(R)− (1− δ)π̃Rt C

)
−

ν̃Nt
(
u(N)− (1− δ)π̃Nt C

)
, where the social components of the utility are such that ω(µ) = ν(µ) = x(µ)

for all µ ∈ [0, 1], then,

a) ∆ν
t (Σ̃t) ≤ ∆ω

t (Σ̃t) for µR = 1

b) There is a value for µR = µ̂ such that ∆ν
t (Σ̃t) ≥ ∆ω

t (Σ̃t) for all µR ≤ µ̂

c) Any steady state of I has Iω ≥ Iν for a fixed µR.
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Proof. a) ĨNt = ĨRt = It−1 since agents can’t access to detailed information about the strategies played

by health status. ∆ω
(
µRt
)
− ∆ν

t

(
µRt
)

= −CIt
((

1− x
(
µRt
))
λR −

(
1− x

(
1− µRt

))
λN
)
. When

µRt = 1, x (1) = 1, and x (0) ≥ 0 so ∆ω (1) −∆ν (1) = CIt
(
1− x

(
1− µRt

))
λN ≥ 0, which means

that the level of prevalence such that the first cohort of agents will depart from R is lower for the

imperfect matching technology.

b) Using the same expression as in a), ∆ω
(
µRt
)
− ∆ν

t

(
µRt
)

=

−CIt
((

1− x
(
µRt
))
λR −

(
1− x

(
1− µRt

))
λN
)
, which means that any agent find deviation

more profitable under ν if
((

1− x
(
µRt
))
λR −

(
1− x

(
1− µRt

))
λN
)
. This expression is negative

for µRt = 1 but grows as µRt becomes lower. Then µ̂ is the lowest µR such that .
1− x (µ̂)

1− x (1− µ̂)
=
λN

λR

c) This is straightforward as a consequence of the lower rate of transmission ν
(
µA
)
λA ∈

[
0, λA

]

Note that since x (µ) ≥ µ, when the protection is very effective (λN −→ 0) the incentive to play R

will be higher under ν for almost all values of µ. Combined with the lower rate of transmission under

this matching technology, the chances of failure for a given policy are higher and if the goal is to achieve

a separating equilibrium, a higher µN would be needed to compensate for the lower risk in steady

state in order to avoid a cycle.34 This means that any policy of subsidies should either try to speed

the convergence to µN = 1 or to compensate by increasing εt over time to compensate for the loss of risk.

3.2 Heterogeneous signal on prevalence

When the model doesn’t require matching strategies, information regarding the way the infected individ-

uals play is irrelevant for the decision making as the risk only depend on the aggregate prevalence level.

But when agents only successfully interact with those with whom they match strategies, when types of

agents would play differently depending on their health status, a more accurate information regarding

the level of prevalence for each strategy could lead to a different outcome. An example of this could

be making public a survey specifying the rate of infected of STD for different rates of use of condoms.

34Note that we haven’t included the subsidies so far in this subsection. This is because the effect on the relative utility

should be the same under these setups, but it’s the effect of risk in the decision that have a higher impact here.

26



While a realistic survey would take into account that people might use protection with different degrees

of frequency and periods of time, in this model we will simplify this using just the information of last

periods strategy of choice, disregarding if the match was successful or not.

Modeling this requires additional assumptions about how agents would process the information.

We will assume that they still observe an imperfect signal ĨAt (γ) = γIAt−1 + (1 − γ)It−1, such that

ĨAt (1) = IAt−1. A policy in this regard would make γ = 1 for a certain interval of time. That is, without

policy, agents have an idea which strategy is more popular among infected individuals, but cannot assess

exact level of prevalence that a survey could bring. The remaining question is how to assume ĨAt when

µAt = 0. If ν(0) = 0, this wouldn’t matter as the expected utility of playing A would be zero regardless

of ĨA, but as the matching mechanism gets better, and ν(0) > 0, One option could be to assume that

the agent expects that the potential partner could be any agent and therefore ĨAt = It when µA = 0.

Another option is to assume that when all agents pool in one strategy, risk is the only factor that leads

an agent to deviation and therefore, only healthy individuals would be doing it IAt = 0 when µAt = 0, so

ĨAt (γ) = (1 − γ)It−1.35 The second one seems more appropriate and modifies the threshold prevalence

such that an early departure will occur.

Proposition 5. Let ∆i
t(µ

R
t−1, I

R
t , I

N
t , γ) = νRt ω

R
t u

i(R)− νRt λRIRt (γ)C − (νNt ω
N
t u

i(N)− νNt λNINt (γ)C)

be positive if agent i plays R and negative if she plays N .

a)
∂∆i

t(µ
R
t−1,I

R
t ,I

N
t ,γ)

∂γ < 0 only if IRt > It > INt

b) Let Ī(γ) be the highest level of prevalence such that µR = 1 is a NE, then ∂/barI(γ)
∂γ < 0

Proof. a) Given ∆i
t(µ

R
t−1, I

R
t , I

N
t , γ) and using IAt (γ) = γIAt + (1 − γ)It,

∂∆i
t(µ

R
t−1,I

R
t ,I

N
t ,γ)

∂γ =

−νRt λR(IRt − It)C + νNt λ
N (INt − It)C. Note that each of the components in parenthesis

would have opposite sign since It is a weighted average between IRt and INt (unless both variables

are equal). The sign for the expression will depend on the sign of the parenthesis, which means

that when (INt − It) < 0 the partial derivative is negative

35This is the ex-ante belief about the levels of prevalence. The rate at which the disease is spread would eventually

depend on the strategies chosen by the agents and will be given by the true IAt
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b) Suppose that γ and λR, λN are such that there is an overall level of prevalence Ī (γ) such that

∆0
t

(
1, Īt, 0, γ

)
= 0, taking derivatives as in the proof for a), and using the fact that IRt = It and

INt = 0,

ui(R)− λRĪt(γ)C − (ν(0)ω(0)ui(N)− ν(0)λN (1− γ)Īt(γ)C) = 0 Īt(γ) =
ui(R)− ν(0)ω(0)ui(N)

(λR − ν(0)λN (1− α))C

dĪt(γ)

dγ
= − ui(R)− ν(0)ω(0)ui(N)

(λR − ν(0)λN (1− γ))2C
< 0

This lemma shows that better assumptions regarding the probability of contagion by strategy lead

agents to act against the disease at a lower rate of prevalence and, also, the net benefit from playing

R will be lower for all types as long as the proportion of infected individuals is higher under R than

under N .36 It is worth to remark that one key difference between this policy and the one of subsidy is

that the latter involves a transfer that change the relative payoff of the strategies to accommodate to a

more desirable outcome. This policy, on the contrary, reduces the bias between expected and realized

risk arisen from the lack incomplete information. That is, by knowing values closer to the true IRt , I
N
t ,

agents are less prone to take sub-optimal decisions regarding risk (they are still not able to predict them

perfectly as they can’t anticipate changes in strategy by other agents), and the effect should be welfare

enhancing as it helps to reduce the negative external effects from future infections. Note that when the

effect of risk is important in the decision making, this policy’s effect can grow in strength over time if

it leads to more healthy agents switching to N and therefore widening the difference between λRIRt and

λNINt and thus even making N even more appealing for healthy agents.

A shortcoming of this policy is the data availability. This would require agents to know their

health status so IRt , I
N
t can be obtained accurately and the policy makers. Obtaining this information

can be costly and if λN is sufficiently low, it might not change the course of the disease significantly

until a considerable fraction of agents switched to N. Another difficulty in modeling the dynamics is

how would agents form beliefs regarding IAt if government’s data is not available. That is, suppose that

agenst assume that IAt = It−1, but once the real rates are available, they change to IAt = IAt . If this

data stop being available after s periods, how would agents estimate IAt+s+1? Finally, we are assuming

36Although it seems logic to assume that the proportion of infected agents would be higher among those playing R,

there’s the possibility of having the opposite situation. For example, when ui(R)/ui(N) is very large, f(1) is relatively low

and N is not a very effective protection (such that the rate of prevalence cannot go below a certain point if all agents play

N), then all agents except the healthy of type 1 playing N could be an equilibrium.

We can also get to a similar outcome if νRt λ
R is consistently lower than νNt λ

N and the proportions of infected is not too

dissimilar, reducing the level of prevalence on R faster than on N,even without getting to a paradoxical profile of strategies.
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that agents have perfect knowledge of their health status. If they were uncertain of it and they perform

Bayesian update of their probability of being infected given their history of actions, realizing that their

current strategy is more risky than they thought can lead them to a pessimistic re-calculation of their

expected health status, and fatalist behavior increasing the fraction of agents playing R. For this type

of situations, new information should be accompanied by testing to avoid healthy agents falling into

pessimistic attitudes.

3.3 Weakening the norm

In this model, agents’ information is incomplete in a way that they are unable to act strategically

predicting other agents’ changes in strategies. Thus, when It evolves and the current strategy profile

σ is not a Nash Equilibrium anymore (that is, one type is better off deviating), the new equilibrium

is achieved through a series of best responses to last period’s action and current risk values. Having

they complete information, each period’s profile would be coordinated in the sense that agents would be

able to anticipate other agents’ deviation and the response of their peers. If agents could see a reliable

exogenous signal of how other agents are willing to play, their payoff’s equations would change. That

is, if, for example, an agent knew that in that period a fraction θt would switch strategies from R to N ,

she will use
(
µ̃Rt , µ̃

N
t

)
=
(
µRt−1 − θt, µNt−1 + θt

)
to calculate ν̃At , ω̃

A
t . Moreover, as we’ve seen in section

2, the game can have multiple equilibria, which means that a fine tuned value for θt can lead to a new

coordination in which they won’t have incentive to deviate, that couldn’t be reached unless the current

equilibrium ceases to be such.

Suppose that the policy maker can set the public signal
(
µ̃Rt , µ̃

N
t

)
that agents will observe at t,

but this signal has to match
(
µRt , µ

N
t

)
ex post. Obtaining this information wouldn’t be that difficult

if agents could be surveyed asking them what is the minimum µN such that they would play N and,

after obtaining a distribution of their answers, the set of possible equilibria can be obtained. Thus,

the policymaker would obtain this minimum value of µN (denoted µ̄N
(
π̃Rt , π̃

N
t

)
) for each individual

surveyed37 and from this a distribution g for each value, such that G
(
µ̄N , π̃Rt , π̃

N
t , I

)
would give how

many agents are willing to play N given that µ̄N do so, given expected levels of risk
(
π̃Rt , π̃

N
t

)
,38 in the

same way as we used that function in the previous section. When G
(
µ̄N , π̃Rt , π̃

N
t , I

)
= µ̄N , we obtain a

37Each type in preferences and health would share the same value.
38It is easy to see that given ∆i

(
µR, π̃Rt , π̃

N
t

)
decrease with the risk of R and increase with the risk of N,

∂G
(
µN , π̃Rt , π̃

N
t , I

)
∂π̃Rt

≥ 0 and
∂G

(
µN , π̃Rt , π̃

N
t , I

)
∂π̃Nt

≤ 0. Also note that if
(
π̃R, π̃N

)
change to

(
π̃R′, π̃N′

)
, as long as

ν
(
µR

) (
π̃R − π̃R′

)
is greater than the one of ν

(
µN

) (
π̃N − π̃N′

)
, G

(
µ̄N , π̃R, π̃N , I

)
> G

(
µ̄N , π̃R′, π̃N′, I

)
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Nash Equilibrium where beliefs are consistent, and for each
(
π̃R, π̃N

)
, there exists at least one of such

equilibria, using Kakutani’s fixed point theorem.39 We will assume that G
(
µ̄N , π̃R, π̃N , I

)
is increasing

in µ̃N , which means that a bigger fraction of agents playing N would always make it more appealing to

a larger number, ceteris paribus the risk. This assumption is not unnecessary since it’s possible to have

the paradox in which R is appealing only because its total risk (ν
(
µ̃R
)
π̃Rt ) is much lower than for N .

This could happen when It is high enough, λN is not low enough and ν
(
µ̃R
)

is low for very low values of

µ̃R. Note also that absent these peer pressure components, the agents’ decision making is independent

of µN and therefore G will be constant in µN .

When I is low, a profile σ such that µN = 0 is always an equilibrium while the existence of

additional ones is not guaranteed.40 As long as it is unique, is not possible for the policymaker to

intervene. As It grows over the course of the contagion, N becomes more attractive as its risk is lower,

and new equilibria might arise. Government’s equilibrium selection depends on their ultimate objective.

If this is to minimize the number of infected individuals, then it will always pick the equilibrium with

highest µN as early as possible. But if the government’s problem is to maximize the present value of the

aggregate utility, on one side, a higher µN would increase welfare by reducing future level of prevalence

and the negative externality that accompanies it. On the other, since ui (R) > ui (N) ∀i, a profile with

more agents playing N might reduce the general welfare (but not necessarily) from the stage utility

perspective. Then, an optimal policy would consist on choosing a sequence of Nash Equilibria among

all possible subgame perfect outcomes, such that the present value of total welfare is maximized, where

each period’s game will be conditioned by preferences and
(
π̃Rt , π̃

N
t

)
, that is conditioned by the initial

values at t = 0 and the history of play in the game. Therefore, the policymaker will try to keep µN

relatively low, but high enough to keep the level of prevalence to a reasonable level such that the negative

externality of contagion is low.

On a more realistic level, governments might be unable to perform this policy repeatedly and it

would be improbable that people could believe that a large fraction of their peers are willing to deviate in

that period if R has been the norm. Suppose that given a level of prevalence I∗ and all agents playing R,

government officials want to implement a policy to increase the fraction of agents playing N . Let µ∗ be

the fixed point of G
(
µ, πR (I) , πN (I) , I

)
. This means that there is a type i∗ such that F (i∗) = µ∗, and

for all i ≥ i∗ ν (1− µ∗)ω (1− µ∗)ui (R)− ν (1− µ∗) π̃Rt (I∗)C ≤ ν (µ∗)ω (µ∗)ui (N)− ν (µ∗) π̃Nt (I∗)C.

If, alternatively, the government was looking to achieve the same change with a one period shock through

39The existence always holds for continuous distribution of types or when it is discrete and G
(
µ̄N , π̃R, π̃N

)
is increasing.

If G
(
µ̄N , π̃R, π̃N , I

)
is decreasing, the existence holds since under indifference G

(
µ̄N , π̃R, π̃N , I

)
becomes a correspondence.

40If ν (0)ω (0)u1 (R) < u1 (N), both µN = 0 and µN = 1 are fixed points.

30



subsidy it would be ui
∗

(R)− ν (0)ω (0)ui
∗

(N)−
(
π̃Rt (I∗)− ν (0) π̃Nt (I∗)

)
C ≤ ε.41 Which policy would

be less costly will depend on the cost of making the information public in the first one, against the cost

of the subsidy in the second (µ∗ε). Then, while the first amount is fixed, the second changes with the

number of agents deviating and with the amount needed for type i∗ to switch strategies.

While the switching equilibrium policy can be cost effective for a sudden change in one period,

subsidies can get the same outcome over time with a lower investment if the interval in µ for which µ∗N

is an attractor is big enough. Moreover, such equilibrium might not exists, having to opt between one

that is too costly in terms of utility (µN too high) or ineffective to reverse the trend of the infection (µN

too low). Additionally, the subsidy has the possibility to reach outcomes that are not Nash Equilibria

of the game.

A different way to tackle the weakening of the norm is from a different perspective. When

traditions are strong nobody deviates, the effect of a signal can have an effect on the norm beyond the

change in payoffs. Let this be a society where the peer pressure is extreme (ω̃ (0) = 0), information

regarding a positive fraction considering to deviate from R might have a structural effect in the model.

That is, an agent’s realization that, for example, 50% of the agents is considering to switch to N , would

mean that even if only a fraction of them does it, the social punishment from deviating would not be

such that ω (0) = 0. Then, using the same functional forms as in Proposition 3, a signal µ̄N can be

represented, alternatively, as if the social component in the utility function becomes ω (α, µ) , such that

ω (α, 0) = ω
(
µ̄N
)
, effectively leading to a weaker peer effect on the utility function. This α can have a

permanent level, or it can be a sequence of αt converging to 0.

4 Conclusion

In this paper I analyzed the effects of social norms and matching mechanisms on the prediction of the

outcome of an epidemic. That is, I constructed a dynamic population game in which a disease can be

transmitted between agents depending on their decisions regarding prevention. In standard models, each

agent is affected by the actions of others only through the level of prevalence, which is a consequence

41This value is to achieve µN = µ∗ in one period, after which no incentive is needed for the system to stay in equilibrium,

as long as the level of prevalence didn’t move significantly from t to t+ 1. A lower value can set a chain of best responses

that would eventually lead to a similar outcome, but this would depend on the evolutionary stability of that equilibrium.

Also, the subsidy here accounts for the total effect of it (ε =
(
ν
(
µR

)
ω
(
µR

)
+ ν

(
µN

)
ω
(
µN

))
ε′), instead of just the change

in the cost of opportunity.
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of the history of aggregate profiles of actions. In this work, the expected benefits from each strategy

depends on the its popularity among peers. These effects can come either from lower utility or from

lower probability of matching strategies when playing differently than the majority. These factors are

important because when the social costs of deviating from a well established norm or tradition are high

enough, the disease will eventually peak at a much higher level than predicted by models that don’t

account for this, or we can even observe that the deviation would never occur. On the other side, these

direct effects of peer pressure in the utility function allows for the existence of multiple equilibria, even for

low values of prevalence. This means that while the benchmark model would have a level of prevalence

that would either converge or oscillate in a neighborhood of its peak, when other agents’ actions have

direct effect on the utility, the population might settle in a profile of strategies such that the level of

prevalence decrease over time but no type is willing to deviate.

This is important when policymakers device a strategy to contain the disease. While populations

where peer effects are weak would require permanent policies changing the relative payoffs between R

and N, when these effects are strong, on one side, larger shocks might be required to cause the deviation,

but on the other side, once the dynamics is set to converge to a high level of protection equilibrium, no

further government action might be required. Moreover, the path of play can be altered by changing

information observed by the agents, without artificially changing the relative benefits of each strategy.

Information regarding potential intentions to deviate from the norm by a subset of their peers would

weaken the expected social punishment from doing it, leading to adoption of prevention at lower levels

of prevalence. Also, since this model also shows why infected agents could be willing to bear the cost

of protection even when no assumptions about altruism were made. This is significantly important for

those diseases that need a matching of strategies (such as sexually transmitted diseases) and other types

whose rate of transmission depend at least partially on these infected agents’ behavior. In this regard,

policies regarding the availability of information regarding the true risk of contagion could help to induce

agents to switch away from riskier strategies and also increase the accuracy of their expected outcome.

Additional features can be used to make a more comprehensive model if the aim is to do a quanti-

tative analysis. This direct effect of other agents’ strategies in the utility function is not the only driver

but one of many. The aim of this paper is to compare its effect on the course of an epidemic with the

case when they are overlooked. In this work, agents mix perfectly but societies are structured with

certain degree of clustering in age, class, religion and other features that would make the spread of this

disease more similar to a diffusion on a network. Nevertheless, since agents cannot observe the health

status of their neighbors, the decision making process would be set in the same way. Moreover, such
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a model can include other dimensions in the decision making such as heterogeneity in the frequency of

exposure (including refraining from participating), and access to better information regarding the risks

involved. A real world analysis should include external effects outside of the disease in study and a

delayed knowledge of the consequences of the agents’ decisions.

Although reducing the level of prevalence of one disease can be beneficial for the government,

keeping a high level of protection in the population might be beneficial from the welfare perspective

if agents overlook other risks involved. For example, while agents might base their decisions on a

cost-benefit analysis of contracting AIDS, other STDs can have a higher prevalence (but maybe lighter

consequences) and agents might not be aware of. Moreover, other strategies to the use of condom, like

using the drug TRUVADA would be ineffective to prevent unexpected pregnancies, that dampen the

social mobility of lower classes. Finally, we used a binary decision on interactions that last for one

period. In reality, agents’ interaction can last an indetermined number of periods and this duration can

be part of their strategy.
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6 Appendix

Proof. (Lemma 1):

a) The dynamics when agents are pooling in R is simple since the infected population is being fed

from one strategy:

It+1 = (1− δ) It + (1− δ)µRt πRt (1− It)

It+1 = (1− δ) It + (1− δ)λRIt (1− It)

In steady state

I = 1− δ

(1− δ)λR
= 0 only when λR <

δ

1− δ
since I cannot take negative values.

b) and c) Note that the infected will always play R under µRt , as ui (R) > ν̃Nt ω̃
N
t u

i (N). Since

µRt−1 = 1, V i,H
t

(
R, Σ̃t

)
= ui (R) − (1− δ) π̃Rt C.and V i,H

t

(
N, Σ̃t

)
= ν̃Nt

(
ω̃Nt u

i (N)− (1− δ) π̃Nt C
)
.

Given that the process has no memory if health status doesn’t change, and agents don’t make assumptions

about change of variables in the future, so an agent will switch strategies if

ui (R)− (1− δ) π̃Rt C < ν̃Nt
(
ω̃Nt u

i (N)− (1− δ) π̃Nt C
)

(
ui (R)− ν̃Nt ω̃Nt ui (N)

)
+ (1− δ) ν̃Nt π̃Nt C < (1− δ) π̃Rt C

Let I
(
λR
)

be the steady state value for I when everybody plays R.

(
ui (R)− ν̃Nt ω̃Nt ui (N)

)
+ (1− δ) ν̃Nt λNI

(
λR
)
C < (1− δ)λRI

(
λR
)
C

(
ui (R)− ν̃Nt ω̃Nt ui (N)

)
(1− δ)C

<
(
λR − ν̃Nt λN

)
I
(
λR
)

Since this expression is the smallest for type 0, the threshold is
u0 (R)− ν̃ (0) ω̃ (0)u0 (N)

(1− δ)CI (λR)
+

ν̃ (0)λN < λR

Else, there won’t be a deviation if λR is smaller than that threshold.
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Proof. (Proposition 1) From the previous Lemma, Ī =
ui (R)− ν̃ (0) ω̃ (0)ui (N)

(1− δ) (λR − ν̃ (0)λN )C

a)
∂Īν (α)

∂α
=

∂

(
ui (R)− ν̃ (α, 0) ω̃ (0)ui (N)

(1− δ) (λR − ν̃ (α, 0)λN )C

)
∂α

∂Īν (α)

∂α
=

(
λNui (R)− λRω̃ (0)ui (N)

((1− δ) (λR − ν̃ (α, 0)λN )C)2

)
(1− δ)C∂ν̃ (α, 0)

∂α
< 0

Now, since

Īν (0)− Īν (1) =
λNui (R)− λRω̃ (0)ui (N)

(1− δ) (λR − ν̃ (0)λN )λRC

which is positive by assumption, it is easy to see that Īν (1) < Īν (α) < Īν (0)

b)
∂Īω (α)

∂α
=

−ν̃Nt ui (N)

(1− δ)
(
λR − ν̃Nt λN

)
C

∂ω̃ (α)

∂α
< 0

Since Īω (0)− Īω (1) =
ν̃ (0) ω̃ (0)ui (N)

(1− δ) (λR − ν̃ (0)λN )C
> 0, then Īω (1) < Īω (α) < Īω (0)

c) This is easy to see since

∂2Ī

∂ν̃ (0) ∂ω̃ (0)
=

∂2Ī

∂ω̃ (0) ∂ν̃ (0)
=

−λRui (N)

(1− δ) (λR − ν̃ (0)λN )2C
< 0

Proof. (Proposition 3)

a) In steady state, the prevalence level is I
(
λN
)

= 1 − 1

(1− δ)λN
and it’s independent of the

norms if all agents play N . A healthy agent deviates if

∆i,H
(
α, Σ̃t

)
= V i,H

t

(
R, Σ̃t

)
− V i,H

t

(
N, Σ̃t

)
= ν̃ (α, 0)

(
ω̃ (α, 0)ui (R)− (1− δ)λRI

(
λN
)
C
)
−
(
ui (N)− (1− δ)λNI

(
λN
)
C
)
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Which gives
∂∆i,H

(
α, Σ̃t

)
∂α

=
(
ω̃ (α, 0)ui (R)− (1− δ)λRI

(
λN
)
C
) ∂ν̃ (α, 0)

∂α
+ ui (R)

∂ω̃ (α, 0)

∂α
,

which is positive as long as V i,h
t

(
R, Σ̃t

)
> 0. The sign of this expression will depend on the functional

forms of ω, ν and the resulting incidence of the disease. That is, if u1 (R)− (1− δ)λRI
(
λN
)
C < 0, then

no healthy type would deviate to R under such a level of prevalence in steady state. If the sign of the

inequality is the opposite, then if
(
u1 (R)− (1− δ)λRI

(
λN
)
C
)
−
(
u1 (N)− (1− δ)λNI

(
λN
)
C
)
> 0,

given that ν̃ (α, 0) and ω̃ (α, 0) are continuous and increasing in α, there’s a α∗H such that for all α

greater than that threshold, at least one type of healthy agents will deviate.

Infected agents would deviate if ∆i,H
(

Σ̃t

)
= ν̃ (α, 0) ω̃ (α, 0)ui (R) − ui (N) > 0. Given that

ν̃ (α, 0) ω̃ (α, 0) is continuous and increasing in α, and that ν̃ (0, 0) ω̃ (0, 0)u1 (R) − u1 (N) < 0 and

u1 (R)− u1 (N) > 0, then there is a α∗I such that for all α > α∗I one of the infected agents’ types will

deviate to R. Then, α∗ = min
(
α∗H , α∗I

)
.

b) If ∆1,H
(

1, Σ̃t

)
=

(
u1 (R)− (1− δ)λRI

(
λN
)
C
)
−
(
u1 (N)− (1− δ)λNI

(
λN
)
C
)

> 0,

α∗∗ = α∗H and we are done. Suppose the inequality has the opposite sign. From a), we know that

for α > α∗I , at least those infected agents of type 1 will deviate. Suppose that for some value α1, a

measure Fα
1

of infected agents play R while the rest of the infected and all the healthy play N. Then,

given that the proportion of infected over healthy is lower, I
(
λN , Fα

1
)
< I

(
λN
)
. If ∆1,H

(
1, Σ̃1

t

)
> 0,

we are done, else we look for a higher α, α2. We will solve this formally.

From the previous paragraph it is clear that as we increase the value of α over α∗I , the measure

of infected switching will grow and the prevalence level will decrease. Then, let I (α) be a decreasing

function of α such that I (0) = I
(
λN
)

and I (1) = 0. The last equality is true since ν̃ (1, 0) ω̃ (1, 0) = 1

and ui (R)− ui (N) > 0 for all i. Then, there’s an α = α0 > α∗I such that the measure of infected types

is such that I
(
λN , Fα

0
)

= 0. But if the level of prevalence is 0, ∆1,H
(
α0, Σ̃t

)
= ∆1,I

(
α0, Σ̃t

)
> 0.

Then, α∗∗ = inf α such that ∆1,H
(
α, Σ̃t

)
≥ 0.

If λN < δ/ (1− δ) then I
(
λN
)

= 0 and it is straightforward to see that α∗ = α∗∗

41



7 Online Appendix

42


