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During an epidemic, disease transmission and human behavior are
closely related: high infection levels trigger risk awareness and
preventive behaviors, which suppress the transmission of disease.
While these coupled dynamics have been heavily investigated, both
in well-mixed populations and networked populations, less has been
done to explore how different ways to establish the awareness of
disease affect infection levels. This study presents a mathematical
model of two interacting groups (populations) to investigate how
epidemic outcomes are affected by the choice of information source,
i.e., one’s own group and/or the other group. We demonstrate that
for different physical contact patterns the system can undergo a
bifurcation from a uniform endemic equilibrium (UEE) to a non-
uniform endemic equilibrium (NUEE), resulting in a persistent
infection level difference between groups that is driven by each
group’s choice of its information source. Our results reveal strategies
to minimize infection: 1) a group with low infection level benefits
by prioritizing information from a group with high infection level
thereby overestimating risk and 2) a group with high infection level
benefits by accessing information only about its own infection level
thereby avoiding underestimation of risk. These results emphasize
the need to promote awareness of disease levels in addition to
observation of anti-epidemic measures. We highlight conditions
under which strategies that benefit one group may conflict with
strategies that benefit the total infection level of both groups.

Infectious disease | Opinion dynamics | Dynamical system

People’s changing behaviors and the spread of infectious disease are not
isolated processes. Different behavioral patterns, including willingness to
wear masks, get vaccinated, and observe social distancing, can suppress the
transmission of disease (1). Meanwhile, the spread of disease may in turn
influence people’s behaviors by altering risk perception (2). For instance, the
demand for condoms increased in areas where AIDS was prevalent (3). More
recently, people engaged in social distancing and hygiene behaviors even at the
onset of the COVID-19 pandemic (4). However, as those preventive behaviors
hindered the spread of disease, awareness of disease levels waned. Even though
COVID-19 still spreads (5), less effort is put on reporting the daily cases (6)
and mask mandates have been removed in most countries (7).

The importance of integrating human behavior into infectious disease models
has been well-established in the past decades. Ref. (8) shows that, even without
knowledge-based adaptation of human behavior (i.e., behavior not coupled
with knowledge of disease transmission), heterogeneity in the social activity
level of individuals still affects the epidemic outcome. For the coupled behavior
and disease dynamics, systematic reviews (9–12) investigate a broad range
of infectious disease, including AIDS, influenza, Zika, Ebola, and COVID-
19, and human behaviors, including getting vaccinated and observing social
distancing. As many of the models consider a well-mixed population (13–15),
where there is no spatial or contact pattern in the population structure, a
growing number of studies have started to incorporate population structure
and heterogeneity into models of information and disease transmission (1, 16–
22). These considerations are essential as infectious disease can only spread
through physical contact or close proximity with infected individuals (given
airborne propagules) and awareness of disease can be established through
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face-to-face conversation, phone calls with friends, and
mass media (23). While the spread of infectious disease
is constrained by physical distance, information on the
infection levels can travel across the globe quickly. For
instance, over 7000 articles regarding COVID from major
press media were published within a month of the initial
outbreak in China (24), although only around 1200
confirmed cases outside China were reported at that
time (25). People around the world became aware of the
disease even when there might not have been infections
around them. One important contribution that addresses
this scale mismatch between disease and information
transmission is made by Funk et.al (1), where they
find that even without global information about the
infection level, the behavioral response at the local level
through a social network may prevent the disease from
spreading. Continuing along this line, several studies
treat the coupled dynamics as a spatially heterogeneous
process and investigate them in networked populations
(17, 18). Other studies focus on integrating behavioral
components into epidemic models under reaction–diffusion
partial differential equation settings, where individuals
that perceive high risk through spatial information (local,
non-local or global) reduce their mobility (19–21). Further
studies treat the information spread as a dynamic process
and explore the effect of population structure on specific
behavioral patterns that affect disease transmission, such
as vaccine hesitancy (21) and homophily in attitude
towards vaccination (22).

Our study contributes to the literature by incorporating
the heterogeneity of information source into coupled
disease-opinion dynamics. To the best of our knowledge,
previous models restrict to a prescribed information source
for risk perception, while the effect of different choices of
information source remains less understood. People have
access to information about both local infection levels and
infection levels from other regions (26). Consequently,
people have a choice when establishing their assessment
of risk of disease, which guides their behavioral changes:
they can focus on the infection level within their own
community, on reports from (potentially) distant com-
munities or on some combination of both. Studies have
shown that people’s perceived disease risk may not align
perfectly with local information (27). Sometimes, closer
distance to an epicenter may be associated with lower risk
perception of the pandemic (28). Another study shows
that people tend to underestimate the local pandemic risk
compared to the rest of the world. Such spatial optimism
might emerge from psychological distancing mechanisms
where remote threats are perceived to be more serious,
while local threats are downplayed (29). As empirical
and quantitative evidence of how exactly people perceive
infection risk based on local infection level versus infection
level from another region is still scarce, our study aims to
provide some theoretical insight on how people’s choice of
information source when evaluating the risk of the disease
affects the epidemic outcome.

To investigate this question, we introduce a two-
population mathematical model of the coupled disease and
awareness dynamics extended from (15). The two popu-
lations represent two interacting groups∗ of people with
physical and informational interactions, such that each of

∗ In this paper, we use ‘population’ and ‘group’ interchangeably.

the two types of interactions can happen within groups and
between groups, potentially at different frequencies. For
disease transmission, we consider the Susceptible-Infected-
Recovered-Susceptible (SIRS) dynamics (30), with an
effective infection rate that changes with behavior implied
by changing perceived infection level. For analytical
tractability, in the main text, we present the special
case where the rate of waning immunity of the disease
goes to infinity, i.e., the disease transmission follows the
Susceptible-Infected-Susceptible (SIS) dynamics. The
relevant numerical results for the more general SIRS
case are included in the Supplemental Information. We
investigate when the system transitions from an infection
free equilibrium (IFE) to a uniform endemic equilibrium
(UEE), where the two groups have the same infection
levels. We show how the choice of information source may
lead to a non-uniform endemic equilibrium (NUEE), where
the two groups end up with different infection levels. We
use this framework to determine the optimal information
choice that minimizes a group’s own infection level, and
we explore the implications of this choice for prosocial
outcomes.

Our analysis reveals how attention to heterogeneous
information sources affects the epidemic outcomes: a
group with low initial infection level may minimize its
infection by mainly considering the infection level of a
more highly infected group. This other group acts as
a cautionary tale and promotes higher vigilance of the
disease transmission. A group with an initially high
infection level should focus its attention on its own
infection level to avoid underestimating risk, which may
happen if it attends to a group with a lower infection level.
We also show that incentives to minimize infection level
within one’s own group may conflict with prosocial goals
across the two groups.

Materials and Methods

Mathematical Model. We introduce the model studied in the main text
with illustration in Fig. 1A. The disease transmission follows SIS dynamics,
while each group’s effective infection rate is affected by its perception of
the epidemic risk, determined by its information source. See below for a
detailed derivation of the model.

We note that it is not necessary to assume SIS dynamics of disease
transmission. For the more general case in which the disease transmission
follows the Susceptible-Infected-Recovered-Susceptible (SIRS) dynamics
(30), where infected individuals gain temporary immunity to the disease,
most of the results presented hold as long as the rate of waning immunity
is sufficiently high. In the main text, for analytical tractability, we use
SIS dynamics as a limiting case for SIRS, where immunity disappears
immediately after recovery. In the Supplemental Information, we present
numerical results for the general case of SIRS.

First, consider a disease spread in a well-mixed population, following the
standard SIS dynamics (30). Let p(t), s(t) denote the fraction of infected
and susceptible individuals in the population, respectively. Susceptible
individuals get infected with rate β (day−1) through physical interaction with
infected individuals, and infected individuals recover with rate δ (day−1).
The dynamics can be described by

ds

dt
= −βsp + δp,

dp

dt
= βsp − δp

Since s(t) = 1 − p(t), the SIS dynamics can be reduced to the single
equation

dp

dt
= βp(1 − p) − δp.

Lajmanovich and Yorke (31) extend the model to consider heterogeneity
in population structure. For the purpose of our model, we adapt (15, 31)
into a two-population model, where the effective physical contact rate within
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each subpopulation is denoted by k ∈ [0, 1] (unitless), and the effective
physical contact rate between the two subpopulations is denoted by 1 − k:

dp1

dt
= β(kp1 + (1 − k)p2)(1 − p1) − δp1

dp2

dt
= β(kp2 + (1 − k)p1)(1 − p2) − δp2.

To incorporate human behavior into this two-population model, we
introduce into the dynamics the perceived infection level psi of each group
i, i = 1, 2. There is evidence that high perceived infection level leads
to more preventive behaviors during disease transmission (27, 32). We
incorporate this effect by considering the effective infection rate βα(psi)
of group i, which decreases with increasing perceived infection level psi.
That is, higher perceived infection level triggers more preventive behaviors,
which reduces the effective infection rate of the transmission of the disease.
Although the theoretical proof does not depend on the specific form α(·),
given α(·) is a decreasing function with range [0, 1], we assume people
adopt behavioral change according to a soft-threshold (33) with α(·) taking
the following form (15) (Fig 1B):

α(ps) =

{
1 − 1

1+
(

ps(1−µ)
µ(1−ps)

)−ν if ps ∈ (0, 1]

1 if ps = 0

where µ ∈ (0, 1) controls the threshold above which the perceived
infection level triggers behavioral response, and ν ∈ (0, ∞) determines
the abruptness of the response. The greater is ν, the more abruptly α(·)
decreases around µ.

We let the dynamics of the perceived infection level psi depend linearly
on the actual infection level, represented as ηipi + (1 − ηi)pj where
ηi ∈ [0, 1] is group i’s choice of information source. This representation of
actual infection level is a form of “information variable (index)” discussed
in (13, 14). Larger ηi means group i focuses more on the infection level
within group i when evaluating the risk of disease. This gives dynamics of
the form

τ
dpsi

dt
= −psi + ηipi + (1 − ηi)pj , j ̸= i,

where τ (day) accounts for relative time scale of awareness establishment
compared to the disease spread. See the Supplemental Information for
the derivation. Larger τ means it takes more time for people to update the
perception of disease based on the information they receive.

Combining all of these pieces together, we arrive at a 4-dimensional
system that we investigate in this paper:

dp1

dt
= βα(ps1)(kp1 + (1 − k)p2)(1 − p1) − δp1

dp2

dt
= βα(ps2)(kp2 + (1 − k)p1)(1 − p2) − δp2

τ
dps1

dt
= −ps1 + η1p1 + (1 − η1)p2

τ
dps2

dt
= −ps2 + η2p2 + (1 − η2)p1.

[1]

For simplicity, we rescale the system so that δ = 1. We also let τ = 1
as τ does not affect the values and stability of the equilibria we study, nor
the type of local bifurcations of our study. We retain a positive value of τ
since the assumption τ = 0, i.e., instantaneous update in perception of
infection levels, is impractical and τ > 0 does affect the transient dynamics
of the system. See the Supplemental Information for the proof and more
discussion.

With this model we are able to study, for different β, k and α(·), how
the choices of η1 and η2 affect the equilibrium infection levels of group 1
and group 2, as well as the infection level of the total population (group 1
plus group 2).

Stability and Bifurcation Analysis. We perform linear stability analysis
(34) of the equilibria of interest to determine the parameter values where
there is a change in stability of the equilibria.

The bifurcation point is determined when the largest real part of
the eigenvalues of the Jacobian matrix at equilibrium crosses zero. To
determine the type of bifurcation, we perform Lyapunov Schmidt reduction
(35, 36), which is a low-dimensional reduction of the system that describes
the local topology around the bifurcation point. In particular, this technique
allows us to reduce the local bifurcation diagram for the system to the one-
dimensional equation: f(x, γ) = c1γ + c2γx + c3x2 + c4x3 + h.o.t. = 0,
where x is a scalar that describes the restriction of the dynamics along the
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Fig. 1. Panel A: illustration of the model setup. Solid black line represents the
connection between susceptible compartments and infected compartments. Purple
denotes group 1 and green denotes group 2. Dashed line represents source of
information for perceived risk of disease, arrow points from the source of information
to the affected group perception. Dotted line represents the physical interaction
between susceptible individuals with infected individuals (from both groups). Panel B:
an example of α(·) used in the numerical simulation, µ = 0.2, ν = 8.

tangent to the bifurcation manifold, γ is the shifted bifurcation parameter,
and both are assumed small in magnitude. The signs of c1, c2, c3, c4
determine the local topology near the bifurcation. Sometimes those
coefficients can be determined analytically. For the closed-form expressions
that are hard to obtain, the coefficients are computed numerically in
Mathematica (37). We use MatCont (38) to generate bifurcation diagrams.

Numerical Simulation. We use ode45 in MATLAB (39) to simulate the
dynamics of the system for different parameter values and initial conditions.

To explore how the choice of ηi affects the epidemic outcome, we
consider 100 evenly spaced values of η1 and 100 of η2 in [0, 1]. For
each pair of (η1, η2) values, we consider two cases: p1(0) > p2(0)
and p1(0) < p2(0), with ps1(0) = η1p1(0) + (1 − η1)p2(0), ps2(0) =
η2p2(0) + (1 − η2)p1(0). pi(0)s are sampled randomly from a uniform
distribution for each simulation. The dynamics are run until the system
reaches equilibrium, and the equilibrium values of p1 and p2 are recorded
for further analysis. See figure captions for the parameter values chosen.

Information source does not affect the establishment of
disease in the total population.

It is well known that, in the classical SIS model in a
well-mixed population, if the basic reproduction ratio
R0 = β

δ > 1, the disease persists (40). A comparable
result for our model is shown, where since δ = 1 and
α(0) = 1, if β

δ = β > 1
α(0) = 1, the disease will persist in

at least one of the groups.
The system undergoes a transcritical bifurcation at

β = 1, where the infection-free equilibrium (IFE, p1 =
p2 = ps1 = ps2 = 0) and the uniform endemic equilibrium
(UEE, p1 = p2 = ps1 = ps2 = p) exchange stability (Fig
2A). See the Supplemental Information for the proof.

This bifurcation point only depends on the value
of β. As a result, the physical contact pattern and
the information exchange pattern do not affect the
establishment of the disease in the whole population,
which is also shown in previous literature (15, 17). There
is no choice of k and ηi that can eliminate the disease
from the total population once β > 1. However, as we
show, the choice of information source, i.e., choice of ηi,
may help one of the two groups get rid of the disease even
when β > 1.
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Fig. 2. Bifurcation diagrams plot equilibrium values of p1 (stable in blue and unstable
in red) as a function of a bifurcation parameter β (Panel A) and η1 (Panel B). A:
When β = 1, the system undergoes a transcritical bifurcation from IFE to UEE.
k = η1 = η2 = 0.6, ν = 8, µ = 0.2. B: When η1 = η∗, the system undergoes
an unfolding of a pitchfork bifurcation which locally exhibits as a transcritical bifurcation
from UEE to NUEE. β = 3, k = η2 = 0.6, ν = 8, µ = 0.2.

Two groups may end up with different infection levels
due to the choice of information source.

Assuming β > 1, mathematical analysis (see details in
the supplemental information) shows that the UEE is
asymptotically stable if the choices of information source
satisfy

η1 + η2 >
1 − 2k + βα(p)
βα′(p)p(1 − p) + 1 = C0. [2]

Since p at the UEE is defined by βα(p)(1 − p) = 1,
the infection level at the UEE is not affected by the
information source.

Without loss of generality (as the system is symmetric
with respect to η1 and η2), let η1 be the bifurcation
parameter. When η1 < η∗ = C0 − η2, the UEE loses
stability. The system contains an unfolding of a pitchfork
bifurcation, where it undergoes a transcritical bifurcation
locally at η1 = η∗ (Fig. 2B). See the Supplemental
Information for the proof. We call the new stable
equilibrium a non-uniform endemic equilibrium (NUEE),
since the two groups have different equilibrium infection
levels.

Although the different equilibrium infection levels were
observed in previous work (17), the reason for that was
not made clear. Here, we show that such a difference
in infection levels is driven by the information contact
pattern (ηi) instead of the physical contact pattern (k).

From Eq. 2, since α′(·) < 0, η∗ increases as k and β
increase and η2 decreases.

The UEE stability condition Eq. 2 has two implications
(see the supplemental information for detailed analysis):

1. Regardless of α(·), β and k, if η1 + η2 ≥ 1, the UEE
is always stable. This means that

a) For the system to enter the NUEE regime, at
least one group needs to prioritize the informa-
tion from the other group for risk evaluation (i.e.,
at least one of ηis needs to be less than 1

2 ). This
can happen, e.g., if there is no official report
of the infection data in one group (41, 42), or
people do not trust the infection level reported
from their own population (43).

b) If each group i only cares about the infection
within group i, i.e., ηi = 1, then the two groups
will have the same equilibrium infection levels.
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Fig. 3. Left: the projection of the nullclines (where the rate of change of the variable is
0) on the (p1, p2) plane. Intersections of the nullclines suggest the exsitence of two
NUEE in the (p1, p2) plane. Right: Depending on the initial conditions, the system
ends up at different equilibrium infection levels. β = 3, η1 = 0.2, k = η2 = 0.6,
ν = 8, µ = 0.2.

2. Regardless of η1, η2 and k, β needs to be strictly
greater than 1 for the UEE to lose stability. Moreover,
there is no direct transition from IFE to NUEE.

Note that if the disease transmission follows SIRS
dynamics, numerically, the choice of information source
can still lead to the different equilibrium infection levels
of the two groups, given that the rate of waning immunity
is high enough. See the Supplemental Information, in
particular Fig. S6A and Fig. S6B for more details. When
the rate of waning immunity is lower, on the other hand,
the information source affects the transient dynamics of
the system (Fig. S7), but not the equilibrium.

Choice of information source may increase or decrease
the epidemic size within group.

As the bifurcation from UEE to NUEE is an unfolding of a
pitchfork bifurcation, two NUEE equilibria exist (Fig. 3):
either p1 < p2 (NUEE1) or p1 > p2 (NUEE2). Which
equilibrium the system ends up with depends on the initial
conditions. Those two equilibria are not symmetric, i.e.,
the equilibrium value of p1 at NUEE1 is not the same as
the equilibrium value of p2 at NUEE2.

Suppose the groups’ perceived infection levels at the
beginning follow their information source, i.e.,

ps1(0) = η1p1(0) + (1 − η1)p2(0)
ps2(0) = η2p2(0) + (1 − η2)p1(0). [3]

Then p1(t) ≤ p2(t) if p1(0) < p2(0). See the Supplemental
Information for the proof.

This means that, within the NUEE regime, the group
that starts with lower infection level will end up with lower
infection level compared to the infection levels of both
the UEE and the group that starts with higher infection
level. Conversely, the group that starts with the higher
infection level will end up with a higher infection level
compared to the infection level of both the UEE and the
group that starts with the lower infection level, see Fig 4.

Thus, the NUEE regime is beneficial for the group that
starts with a lower infection level, while the UEE regime
is better for the group that starts with a higher infection
level. Here we consider group 1 as the focal group. Based
on the discussion in the previous section, if group 1 starts
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with the lower infection level and η1 = 0, i.e., group 1
prioritizes the infection level of group 2 for risk assessment,
the system is more likely to end up in an NUEE region,
which is optimal for minimizing group 1’s equilibrium
infection level. Notice that if group 1 starts with the
higher infection level, such focus on the other group may
lead to a higher equilibrium infection level. However, if
η1 = 1 in this case, i.e., group 1 only takes into account the
within-group infection, the system will end up in the UEE
region, which minimizes the final epidemic size of group
1. In summary, the optimal informational strategy to
minimize group-level infection is to focus on the infection
level of the group that starts with higher infection when
evaluating the risk of disease. This optimal informational
strategy is still valid when the disease transmission follows
SIRS dynamics. For high rate of waning immunity, the
equilibrium infection level of the group can be minimized,
see Fig. S6C. For low rate of waning immunity, even when
the bifurcation from UEE to NUEE does not happen, a
group is better off if it focuses its source of information
on the group with the higher initial infection level, in the
sense that the peak infection level of the group during the
first wave of epidemic is lower, see Fig. S7B.

A direct consequence of the optimal strategy is that if
both groups follow it strictly, then the system will be in
the UEE regime. The group that starts with the higher
infection level only cares about the within-group infection,
i.e., it chooses ηi = 1. According to our analysis, if ηi = 1
for either group, the system will end up in the UEE regime.

Although the optimal strategy only involves the choice
of ηi, and is unaffected by different values of the within-
group physical contact rate k, as discussed above, a smaller
k means a smaller NUEE region in the (η1, η2) plane.
Furthermore, k affects the actual equilibrium infection
level at NUEE (Fig. 4). As the within-group physical
interaction becomes more frequent (increasing k), the final
endemic sizes for the two groups are more different. More
frequent between-group physical contact (decreasing k)
ensures more frequent exchange of infection cases between
the two groups, making it harder for the two groups to
have different infection levels.

For large k values that are close to 1, it is possible for
the final epidemic size within a group to be zero (Fig. 4,
bottom right plot). When the group starts with lower
infection refers to the infection level of the other group,
it overestimates the risk and “over-reacts” by observing
stricter anti-epidemic measures, which reduces the actual
epidemic size within the group. If most of the physical
interactions happen within the group, such overestimation
is strong enough to eliminate the disease transmission
within the group.

There is evidence that people’s awareness of disease
is largely affected by media reporting (44, 45). The
information source in this study can be considered as
what is reported by the media. For a focal group having
an ill-behaved neighboring group, massively reporting the
high infection levels in that group may help to contain
the spread of disease within the focal group. For instance,
by January 30, 2020, over 9000 cases of COVID across
the globe were reported, while only one case in the U.S.
was confirmed (46). The awareness established from
the reported infection levels in these other countries
helped the U.S. to contain the local spread of COVID-19
by encouraging multiple preventive behaviors, including
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Fig. 4. The equilibrium infection level p1 (color scale) for different initial conditions
and values of k, η1 and η2. Regardless of the value of k, if p1(0) > p2(0), the
system will end up at NUEE2 (upper panel). If p1(0) < p2(0), the system will end
up at NUEE1 (lower panel). In each subplot, top right region is the region for UEE,
and bottom left is the region for NUEE. Higher k corresponds to larger NUEE region
in (η1, η2) plane and greater difference between the infection levels at NUEE and
UEE. When k is large and p1(0) < p2(0), the equilibrium infection in group 1 can
be 0. β = 3, µ = 0.2, ν = 8.

screening passengers at certain airports (47). Less than
100 cases in the U.S. were reported in February 2020 (48).

More generally, at the early stage of disease transmis-
sion, the awareness in one group of the disease established
in another group with a high level of infection allows
people within the focal group to take action sooner than
they would if they only referred to their own infection
levels. If the physical interaction with the other group
is infrequent enough, it is possible for the focal group
to get rid of the disease completely. This inspires an
interesting question: can media emphasize the severity
of an infectious disease by mainly reporting cases in
the region with highest epidemic size to trigger people’s
cautious reaction? While there is a large literature that
focuses on the misinformation of epidemic spread by the
media (49, 50), the effect of different emphasis of media
reporting is less well understood, and could be interesting
for future study.

The group-wise optimal information choice conflicts
with pro-social goals.

Sometimes, a group might be prosocial: in addition to
caring about the infection level within their own group,
people may also try to minimize the infection level in the
other group. Consider group 1 and suppose that instead
of minimizing p1, people seek to minimize (1 − γ)p1 + γp2,
γ ∈ [0, 1

2 ], at equilibrium, where γ is a prosocial coefficient
that accounts for how much group 1 cares about group 2
compared to themselves. γ = 0 corresponds to the case
where group 1 does not care about group 2 at all, and
γ = 1

2 corresponds to the case where group 1 cares about
the two groups equally.

For p1(0) < p2(0), since we know that p1(t) ≤ p2(t), it
is enough to check γ = 1

2 , which is included in Fig. 5. The
more interesting case is when p1(0) > p2(0). Our previous
results suggest that p1 at equilibrium is minimized in
the UEE region, where η1 = 1 is the optimal choice.
Numerical simulations show, for some γ < 1

2 , that (1 −
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Fig. 5. The equilibrium infection level (1 − γ)p1 + γp2 in color scale for different
values of k and γ when p1(0) > p2(0). β = 3, µ = 0.2, ν = 8.

γ)p1 + γp2 is minimized in the NUEE region (the bottom
left triangle in each square of Fig. 5). This implies that the
informational strategy for the prosocial goal is different
from the optimal informational strategy to minimize the
within-group infection level. When γ = 1

2 , i.e., when
group 1 seeks to minimize (p1 + p2), the final epidemic
size in at least one group will be higher than if group 1
only cares about its within-group infection level.

We can see that 1
2 (p1 + p2) at equilibrium (the last

column in Fig. 5) is both minimized and maximized in
the NUEE region. The strategy that minimizes p1 + p2
involves an optimal choice of both η1 and η2, i.e., choices
by groups 1 and 2. Suppose group 1 starts with a higher
infection level, then choices of η2 = 0 and η1 large enough
but still less than C0 will minimize p1 + p2. However, a
smaller η1 and larger η2 will result in higher p1 + p2 at
equilibrium in the NUEE region than that in the UEE
region.

We note that the total infection level p1 + p2 at the
UEE is higher than that at certain NUEE. This is not very
intuitive: it suggests that having a group that consistently
behaves slightly worse compared to the other group is
good for the total population, regardless of the physical
contact pattern. In this scenario, although the group with
higher infection level mainly focuses on the within-group
infection, it still pays some attention to the information
from the other group. This slight underestimation of the
risk leads to slightly higher within-group infection level
compared to the UEE, but this helps the total population
because it is enough to trigger vigilance in the other group
to stay cautionary. This effect could be further explored
by considering groups of different sizes.

For the more general SIRS dynamics of the disease
transmission, the mismatch between the optimal in-
formational strategy for one group and the optimal
informational strategy for the whole population still exists,
given the rate of waning immunity is sufficiently high (Fig.
S6D).

Conclusions and Future Directions

In this paper, we investigate how the information source
used to evaluate the risk of disease affects the infectious
disease dynamics. We develop a mathematical model
extended from (15) to represent the physical and informa-
tional interactions between two groups during an epidemic.
We find that, although the choice of information source
does not affect the establishment of disease in the whole
population, it can be a driver for different equilibrium
infection levels within the two groups. In particular, a
group can benefit from only referring to data on the
group that has the higher infection level, regardless of
the physical contact pattern. If the physical interaction
between groups is not frequent, with this strategy the
group that starts with lower infection can eventually reach
an infection-free state, even when the infection rate is high.

However, such a strategy contradicts a strategy in-
tended to minimize the total infection level of the two
groups. We demonstrate that the within-group optimal
informational strategy, i.e., always referring to the higher
infection level of the two groups, does not help to minimize
the total epidemic size of the two groups.

In the main text, we present the model where the
disease transmission follows SIS dynamics for analytical
tractability. As infections with coronaviruses, human
parainfluenza viruses, respiratory syncytial viruses usually
result in short-term immunities that decline over time
(51), SIRS-type of disease transmission is more realistic
for modeling those. Numerically, we show in our Sup-
plemental Information that most of the results present
in the main text hold when the disease transmission
follows the more general SIRS dynamics, assuming that
the rate of waning immunity is sufficiently high—this
includes the transcritical bifurcation with respect to
the information choice and the optimal informational
strategy for the group and for the whole population. This
makes sense intuitively because if the immunity wanes
quickly enough, i.e., the reinfection happens soon after
the previous infection, the disease can be approximated
by SIS dynamics. On the other hand, if the immunity
persists over the long term, the information source affects
the transient dynamics, but not the equilibrium of the
epidemic. Under this regime, the SIRS dynamics result in
very low infection level among waves of epidemics, as they
present more features of Susceptible-Infected-Recovered
(SIR) dynamics (without demographics), which have zero
infection level at equilibrium (30). The low infection level
among waves of high infections cannot trigger sustained
vigilance that would alter the equilibrium. We leave to
future work more accurate parametrization of the model
to fit a specific disease like SARS as well as the analytical
study of our model with SIRS dynamics.

Other interesting factors can be added to the model
to make it more realistic. For instance, instead of
two groups of people, multiple groups may generate
richer behavior. Another natural extension is to allow
ηi to change over time. Our model assumes faithful
and instant reporting of the infection levels of the two
groups. Interactions between misinformation or delay
(52) and the information source are worth exploring, i.e.,
what if the infection level reported about one group is
inaccurate or outdated? The current setting also has no
negative effects for overestimation of the disease, where

6 of 7 www.pnas.org/cgi/doi/10.1073/pnas.XXXXXXXXXX pnas.org

www.pnas.org/cgi/doi/10.1073/pnas.XXXXXXXXXX


DRAFT

763

764

765

766

767

768

769

770

771

772

773

774

775

776

777

778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

813

814

815

816

817

818

819

820

821

822

823

824

825

826

827

828

829

830

831

832

833

834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

869

870

871

872

873

874

875

876

877

878

879

880

881

882

883

884

885

886

887

888

889

890

people can follow the strictest anti-epidemic measures
without any negative consequences. However, an overly
strict measure can negatively affect economic productivity
and people’s mental health (53, 54), while it may not
always lead to significant decrease in infection counts
(55). In the Supplemental Information, we report some
preliminary results on how the constant negative effect
of overestimation affects the epidemic outcomes. To
better understand the phenomenon, in future work, we
plan to add a feedback term to α(·), potentially from
an evolutionary game theory perspective (56), where
the economic or psychological factors dynamically affect
people’s response to perceived infection.

Data, Materials, and Software Availability. Code used for this manuscript is
available at https://github.com/jyl17/information disease interaction.
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Derivation of the model. Here, we present the derivation of dynamics of the perceived infection.12

Consider a small change in time ∆t, we have ps1(t+ ∆t) = ps1(t) + ∆t(η1p1(t+ ∆t) + (1− η1)p2(t+ ∆t)− ps1(t)), where13

η1p1(t+ ∆t) + (1− η1)p2(t+ ∆t) is the perceived infection at time t+ ∆t, and ps1(t) is the perceived infection at time t, which14

is outdated. We then have ps1(t+∆t)−ps1(t)
∆t = η1p1(t+ ∆t) + (1− η1)p2(t+ ∆t)− ps1(t). Taking ∆t→ 0, we get the dynamics15

of ps1. A similar derivation works for ps2.16

Bifurcation from IFE to UEE. The Jacobian J(p1, p2, ps1, ps2) of the system of equations comprising the mathematical model is
computed to be(

βα(ps1)(k − 2kp1 − (1 − k)p2) − 1 βα(ps1)(1 − p1)(1 − k) βα′(ps1)(1 − p1)(kp1 + (1 − k)p1) 0
βα(ps2)(1 − p2)(1 − k) βα(ps2)(k − 2kp2 − (1 − k)p1) − 1 0 βα′(ps2)(1 − p2)(kp2 + (1 − k)p1)

η1
τ

1−η1
τ

− 1
τ

0
1−η2
τ

η2
τ

0 − 1
τ

)
.

At the IFE, where p1 = p2 = ps1 = ps2 = 0, and recalling that α(0) = 1, the Jacobian reduces to

J(0, 0, 0, 0) =

 kβ − 1 (1− k)β 0 0
(1− k)β kβ − 1 0 0

η1
τ

1−η1
τ

− 1
τ

0
1−η2
τ

η2
τ

0 − 1
τ

 ,

which has eigenvalues β − 1, (2k − 1)β − 1 and − 1
τ
. We know that 2k − 1 ≤ 1 since k ∈ [0, 1]. So for k < 1, the eigenvalue17

β − 1 is simple and dominant. If β > 1 = β∗, the first eigenvalue is positive and so the IFE loses stability. This threshold does18

not depend on other parameter values.19

The IFE at β = β∗ = 1 is a singularity since J(0, 0, 0, 0;β = β∗) has a zero eigenvalue. We perform the Lyapunov-Schmidt20

reduction (1) of the dynamics about the IFE and β = β∗ to prove that the singularity corresponds to a bifurcation and to21

derive the local bifurcation diagram. The right eigenvector v and left eigenvector w corresponding to the zero eigenvalue of22

J(0, 0, 0, 0;β = β∗) are v =

1
1
1
1

, w =

1
1
0
0

.23

Following the procedure in (2), the Lyapunov Schmidt reduction gives us a scalar equation for the local bifurcation diagram:24

f(p, γ) = c1γ + c2γp+ c3p
2 + c4p

3 + h.o.t. = 0, where scalar p is the restriction of (p1, p2, ps1, ps2) to v and γ = β − β∗. The25

coefficients are c1 = 0, c2 = 2, c3 = −4β∗ + 4β∗α′(0).26

This reduction, along the direction of v, can be shown to be isomorphic to the normal form of a transcritical bifurcation if27

c2 6= 0 and c3 < 0, which is always true since α′(0) < 0.28

When k = 1, the reduction will be a projection onto a two-dimensional space, which is more complicated. However,29

numerically, the transition from IFE to UEE is observed (Fig. S1).30

Implication of the stability of UEE. At the UEE, we have p1 = p2 = ps1 = ps2 = p, where p satisfies31

βα(p)(1− p) = 1. [1]32

Note that p exists and is unique as both α(·) and 1− p are decreasing for p ∈ [0, 1]. The corresponding Jacobian at the UEE is

J(p, p, p, p) =

βα(p)(k − kp− p)− 1 1− k βα′(p)(1− p)p 0
1− k βα(p)(k − kp− p)− 1 0 βα′(p)(1− p)p
η1
τ

1−η1
τ

− 1
τ

0
1−η2
τ

η2
τ

0 − 1
τ


with eigenvalues33

(1−βα(p))τ−1±
√

[(1−βα(p))τ−1]2+4τ(βα′(p)(1−p)p−βα(p)p)
2τ and τ(2k−βα(p)−1)−1±

√
[τ(2k−βα(p)−1)−1]2+4τ(2k−βα(p)+(η1+η2−1)βα′(p)p(1−p)−1)

2τ .34

The first pair of eigenvalues always has negative real part given α′(p) < 0. For the second pair of eigenvalues, we first35

note that τ(2k − βα(p) − 1) − 1 ≤ τ(1 − βα(p)) − 1 = τ(βα(p)(1 − p) − βα(p)) − 1 = −τβα(p)p − 1 < 0. Suppose36

[τ(2k − βα(p)− 1)− 1]2 + 4τ(2k − βα(p) + (η1 + η2 − 1)βα′(p)p(1− p)− 1) < 0, the real part of the pair of eigenvalues stays37

negative, thus we only need to consider the case when [τ(2k−βα(p)−1)−1]2+4τ(2k−βα(p)+(η1+η2−1)βα′(p)p(1−p)−1) ≥ 0,38

when the pair of eigenvalues are purely real. It turns out that when 4τ(2k − βα(p) + (η1 + η2 − 1)βα′(p)p(1− p)− 1) < 0, the39

largest real part of the eigenvalues stays negative. Consequently, the UEE stays stable if40

η1 + η2 >
1− 2k + βα(p)
βα′(p)p(1− p) + 1 = C0. [2]41

Note here C0 does not depend on the value of τ > 0. Since α′(·) < 0 and 1− 2k + βα(p) > 0, we have C0 < 1.42

We note that the value of β also affects the stability of the UEE. In particular, the critical value of β at which point the43

UEE loses stability is always strictly greater than 1, see Fig. S2.44
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Fig. S1. Equilibrium p1 when k = 1, η1 = η2 = 0.9, µ = 0.2, ν = 8. For each value of β, 100 random initial conditions are chosen and the simulations are run. When
β < β∗ = 1, all equilibria p1 are IFE, and when β > β∗ = 1, all equilibria p1 are at a UEE.
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Fig. S2. The critical value of β when the UEE loses stability. µ = 0.2, ν = 8. The minimum possible value (β = 1.17) occurs at k = 1, η1 + η2 = 0.
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Bifurcation from UEE to NUEE. The proof is presented for k = 1. The argument is similar for other values of k, and the45

bifurcation can be observed numerically when UEE becomes unstable, see Fig. S3. However, the analytical expression for the46

coefficients of the reduction is hard to obtain, as it involves calculating the inverse of a symbolic matrix.47

Let η1 be the bifurcation parameter. As discussed above, the UEE p1 = p2 = p3 = p4 = p∗ at η1 = η∗ is a singularity when48

η∗ = C0 − η2, since J(p∗, p∗, p∗, p∗; η1 = η∗) has a zero eigenvalue. Note that with Eq. 1, p∗ and η∗ can be found explicitly (or49

at least numerically). We perform the Lyapunov-Schmidt reduction (1) of the dynamics about the the UEE at η1 = η∗ to50

prove that the singularity corresponds to a local bifurcation and to derive the local bifurcation diagram.51

Denote A = βα(p∗)(1− 2p∗)− 1, B = βα′(p∗)(1− p∗)p∗, E = 1
η∗+η2−1 , and F = − 1−η∗

1−η2
. The right eigenvector v and left52

eigenvector w corresponding to the zero eigenvalue of J(p∗, p∗, p∗, p∗; η1 = η∗) are v =


− 1−η∗

(1−η2)(η∗+η2−1)
1

η∗+η2−1
− 1−η∗

1−η2
1

, w =

−
1
τB
1
τB

−1
1

.53

Since η∗ + η2 − 1 < 0 and η∗, η2 ≥ 0, v is properly defined.54

Define the vector x with components x1 = p1 − p∗, x2 = p2 − p∗, x3 = ps1 − p∗, x3 = ps1 − p∗, x4 = ps2 − p∗ and let
γ = η1 − η∗. Writing the system dynamics in these coordinates, the origin x = 0 at γ = 0 is a singularity:

dx1

dt
= βα(x3 + p∗)(1− x1 − p∗)(x1 + p∗)− x1 − p∗

dc2
dt

= βα(x4 + p∗)(1− x2 − p∗)(x2 + p∗)− x2 − p∗

τ
dx3

dt
= −x3 − p∗ + (γ + η∗)(x1 + p∗) + (1− γ − η∗)(x2 + p∗)

τ
dx4

dt
= −x4 − p∗ + η2(x2 + p∗) + (1− η2)(x1 + p∗).

The Lyapunov Schmidt reduction gives us a scalar equation for the bifurcation diagram: f(x, γ) = c1γ + c2γx + c3x
2 +55

c4x
3 + h.o.t = 0, where the scalar x is x restricted to v. We have c1 = 0, c3 = 1−F2

τB
(−2βα(p∗)E2 + 2βα′(p∗)(1 − 2p∗)E +56

βα′′(p∗)(1− p∗)p∗), and c2 = 1
τ
E(1− F ) 6= 0. Here, the signs of c2 and c3 do not depend on the value of τ , given τ > 0.57

From this we can show that if η∗ 6= η2, c3 6= 0, a transcritical bifurcation happens locally. Through numerical simulation we58

observe that c4 6= 0 (Fig. S3). Following (1, 3), the system contains an unfolding of a pitchfork bifurcation where c3 is the59

unfolding parameter. When c3 = 0, the reduction is isomorphic to the normal form of a pitchfork bifurcation. When c3 6= 0,60

the pitchfork unfolds and a transcritical bifurcation happens locally, with an additional saddle node bifurcation. The signs of61

c2 and c4 determine the direction of the bifurcation.62

Effect of τ . Although, for the parameter regime studied, τ does not affect the values and stability of the equilibria (including63

IFE, UEE and NUEE), nor the type of local bifurcations that result in transitions among those three equilibria, it does affect64

the transient dynamics of the system. In particular, as τ increases, i.e., the dynamics of the perceived infection become slower65

compared to the dynamics of the disease transmission, it takes more time for the system to reach the NUEE equilibrium and66

there is more oscillatory behavior in the transient dynamic. For τ large enough, the oscillation during the transient dynamics is67

so strong that it is possible that the infection levels in both groups become very low before they bounce back to reach the68

endemic equilibrium, see Fig. S4. Given that we focus on the local analysis near the bifurcation point, it can be interesting in69

future work to investigate the more global effects of τ .70

Instantaneous perception update. In this subsection, we consider the special case where the perceived infection update is
instantaneous, i.e. τ → 0, which allows us to reduce the 4-dimensional system to a 2-dimensional system:

dp1

dt
= βα(η1p1 + (1− η1)p2)(kp1 + (1− k)p2))(1− p1)− δp1

dp2

dt
= βα(η2p2 + (1− η2)p1)(kp2 + (1− k)p1))(1− p2)− δp2.

We mainly consider the stabilty of UEE (where p1 = p2 = p) in this subsection. With some algebra, we find the corresponding
Jacobian at the UEE to be

J(p, p) =
(
βα′(p)η1p(1− p) + k − βα(p) βα′(p)(1− η1)p(1− p) + 1− k
βα′(p)(1− η2)p(1− p) + 1− k βα′(p)η2p(1− p) + k − βα(p)

)
.

For the UEE to be stable, we want Tr(J(p, p)) < 0 andDet(J(p, p)) > 0. This gives us the condition η1+η2 >
1−2k+βα(p)
βα′(p)p(1−p) +1,71

which confirms the stability condition we have in the 4-dimensional system.72

Lyapunov Schmidt reduction for this system, again, gives us a scalar equation for the local bifurcation diagram. Suppose at
p = p∗, η1 = η∗, the UEE loses stability. Let

J(p∗, p∗) =
(
A B
C D

)
.
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where A = η1βα
′(p∗)p∗(1− p∗) + k−βα(p∗), B = (1− η1)βα′(p∗)p∗(1− p∗) + 1− k, C = (1− η2)βα′(p∗)p∗(1− p∗) + 1− k,D =73

η2βα
′(p∗)p∗(1− p∗) + k − βα(p∗).74

After some algebra, we have c1 = 0, c2 = βα′(p∗)p∗(1−p∗)D
B

(1+ D
C

) 6= 0, and c3 = βα′′(p∗)p∗(1−p∗)(− D3

BC2 η
∗2 + D2

BC
η∗(1−75

η∗) − D
B

(1 − η∗)2 + η2
2 − D

C
η2(1 − η2) + D2

C2 (1 − η2)2) + βα′(p∗)(k − kp∗ − p∗)(− 2D3

BC2 η
∗ + D2

BC
(1 − η∗) + 2η2 − D

C
(1 − η2)) +76

βα′(p∗)(1− k)(1− p∗)( D
2

BC
η∗ − 2D

B
(1− η∗)− D

C
η2 + 2D2

C2 (1− η2)) + βα(p∗)( 2D3

BC2 k − (1− k) D
2

BC
− 2k + D

C
(1− k))77

The coefficients for the reduction are still complicated that it is hard to obtain more analytical insights for this reduced78

system. However, numerically, the same bifurcation in 4-dimensional system is observed in this reduced 2-dimensional system,79

see Fig. S5. We retain the dynamics of the perceived infection (i.e., keep τ positive) in any case because it is not so practical80

to assume that people instantaneously update their perception of disease, and positive τ relates to a more general case for the81

update of perceived infection.82

Effect of initial infection level on equilibrium infection level. It is necessary that η1 + η2 < 1 for the UEE to be unstable, which83

then implies ps1(0) ≥ ps2(0) if p1(0) ≤ p2(0), by our assumption of initial conditions in Eq. 2 of the main text. With this84

implicit assumption, the proof is as follow.85

Define u = p1 − p2, v = ps1 − ps2. We want to show that the region where u ≤ 0, v ≥ 0 is positively invariant. To check this,86

we need to check the boundary of the region.87

First, let u = 0, i.e., p1 = p2 = p. Then u̇|u=0 = β(α(ps1)− α(ps2))p(1− p). Suppose v ≥ 0, i.e., ps1 ≥ ps2. Since α(·) is a88

decreasing function, we have u̇|u=0 ≤ 0. Then, let v = 0. Then, v̇ = −v − (1− η1 − η2)u and v̇|v=0 = −(1− η1 − η2)u. For89

u ≤ 0, we have v̇|v=0 ≥ 0. Consequently, the region u ≤ 0, v ≥ 0 is positively invariant, which completes the proof.90

A symmetric argument works to prove the case when p1(0) > p2(0).91

General Case of SIRS. We show numerically that key conclusions stated in the main text hold if the disease transmission follows92

the more general SIRS dynamicsin the case that the rate of waning immunity is sufficiently high. These results include the93

transcritical bifurcation with respect to the information choice and the optimal informational strategy for one group, and for94

the whole population.95

Using a similar modeling approach as in the case of SIS in the main text, the SIRS disease model coupled with the spread of
awareness of disease has the form:

dp1

dt
= βα(ps1)(kp1 + (1− k)p2)s1 − δp1

dp2

dt
= βα(ps2)(kp2 + (1− k)p1)s2 − δp2

τ
dps1
dt

= −ps1 + η1p1 + (1− η1)p2

τ
dps2
dt

= −ps2 + η2p2 + (1− η2)p1.

ds1

dt
= −βα(ps1)(kp1 + (1− k)p2)s1 + σ(1− s1 − p1)

ds2

dt
= −βα(ps2)(kp2 + (1− k)p1)s2 + σ(1− s2 − p2).

As before, pi and psi represents the actual and perceived infection of group i, si is the proportion of susceptible individuals96

in group i. With rate β, susceptible individuals are infected by infected individuals, and with rate δ, infected individuals97

become recovered individuals, where they get immunity towards infection. As the immunity wanes with rate σ, the recovered98

individuals becomes susceptible again.99

While the analytical proofs we provided for the SIS model are not so easy to apply to this SIRS model , we can show100

numerically that the bifurcation from UEE to NUEE is still observed, see Fig. S6A. However, for σ not so large, i.e., if the101

immunity wanes slowly, the bifurcation does not happen (Fig. S6B). Intuitively, this connects well to our result in the main102

text for the SIS model: as σ increases (i.e., recovered individuals lose immunity soon after recovery), the SIRS model behaves103

more like SIS. For σ large enough, the conclusion still holds that the UEE regime is better for the group that starts with high104

infection level (Fig. S6C). Additionally, the prosociality result, i.e., that the information source that benefits a group might105

conflict with the information source that benefits the whole population, still holds for high enough prosociality (Fig. S6D): as106

for some γ < 1
2 , equilibrium (1− γ)p1 + γp2 is minimized in the NUEE region, even though equilibrium p1 is minimized in the107

UEE region.108

For lower σ, it is harder to observe the bifurcation from UEE to NUEE. As σ decreases, SIRS type models behaves more109

like SIR and have very low infection levels between waves of infection. Thus it is harder to maintain sustained vigilance of the110

disease spread.111

Although for lower σ the choices of information source do not affect the equilibrium infection levels, we report numerically112

some transient dynamics that are interesting for future study. Here, we assume p1(0) < p2(0), and η2 = 1. As η1 increases, the113

peak infection level of the first epidemic wave of group 1 increases (Fig. S7B), while the peak infection level of the second114

epidemic wave does not change significantly (Fig. S7C). The increase in peak infection level of the first epidemic wave with115

increasing η1 is consistent with the result for the model studied in this paper, which is that a group is worse off if it focuses its116

source of information on the group with the lower infection level.117
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Fig. S5. The reduced 2-dimensional system undergoes an unfolding of a pitchfork bifurcation which locally exhibits as a transcritical bifurcation from UEE to NUEE. The same
parameter values to generate Fig. 2B are used here: β = 3, k = η2 = 0.6, ν = 8, µ = 0.2. Numerically, the bifurcation in this figure is the same as the one in Fig. 2B.
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We leave for future work the analytical investigation, as well as a more comprehensive study for the transient dynamics of118

the model with disease transmission following the general SIRS dynamics.119

Integration of cost for overestimation. Here, within the framework of this model where there are no dynamics associated with120

negative consequences of overestimation of risk, we show how a cost associated with overestimation of the risk of disease could121

affect the optimal information strategy. We look at the equilibrium value of pi + c ∗max((psi − pi), 0), where c denotes the cost122

of overestimation. This excludes an explicit cost of underestimation of disease, except for the result that underestimation may123

lead to higher equilibrium infection levels.124

According to Fig. S8, as c increases, i.e., as overestimation of disease risk becomes more costly, the group that starts with125

lower infection level would seek to leave the NUEE regime, in contrast to when there is no cost for overestimation, where the126

NUEE regime is optimal. The cost does not affect the group that starts with higher infection level, which always underestimates127

the risk within the NUEE regime.128
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Fig. S6. Bifurcation diagrams for extension to SIRS. Panel A: Bifurcation diagram plots equilibrium value of p1 as a function of η1. The system undergoes an unfolding of a
pitchfork bifurcation which locally exhibits as a transcritical bifurcation from UEE to NUEE at some critical η1 value. β = 3, δ = 1, σ = 0.7, k = 0.9, η2 = 0.5, τ = 1.
Panel B: Bifurcation diagram plots equilibrium value of p1 as a function of σ. The system transitions from UEE regime to NUEE regime at some critical σ. β = 3, δ = 1,
η1 = η2 = 0.1, k = 0.9, τ = 1. Panel C: Equilibrium p1 in color scale for different k (from 0 to 1) and σ (from 0.05 to 2) values when p1(0) > p2(0). β = 3, δ = 1,
τ = 1. Panel D: The equilibrium infection level (1− γ)p1 + γp2 in color scale for different values of k (from 0 to 1) and γ (from 0 to 1

2 ) in SIRS version of the model when
p1(0) > p2(0). β = 3,σ = 0.7, δ = 1, τ = 1.
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Fig. S7. Transient dynamics of the extension to SIRS for small σ. Panel A: An example of the transient dynamics. β = 3, γ = 1, σ = 0.01, k = 0.9, η2 = 1, η1 = 0.053,
µ = 0.2, ν = 8, τ = 1. Panel B: The peak infection level of group 1 in the first wave. Panel C: The peak infection level of group 1 in the second wave. p1(0) = 0.05,
p2(0) = 0.1. The exact dynamics may vary depending on the initial conditions, but the general trends hold.
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Fig. S8. Illustration of consequences of adding cost for overestimation of the disease risk. Equilibrium pi + c ∗max(psi − pi, 0) in color scale. β = 3, k = 0.9, c from 0 to
2.
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