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The impact of human health-related behavior on the spread of the disease continues to be prominent due to
the proliferation of sentiment against public health-promoting behaviors. The recent SARS-COV-2 pandemic
brought these effects into sharp focus. In the process, we have learned that our current understanding of
how human behavior affects disease spread is insufficient in scope and intricacy. In particular, how different
health-related behaviors themselves interact with each other, and how those interactions affect disease spread,
is largely unknown. In this paper, we use a coupled-contagion model to study the interaction of two different
health behaviors — vaccination and mask-wearing. We study how a positive or negative association between
these behaviors — e.g. a pro-vaccine person may be more or less likely to be pro-mask-wearing — affects
disease dynamics. We find that the strength of such an association alone can determine the outcome of disease
spread in the short term and the long term. In addition to studying human health-related behaviors separately,
it is vitally important to understand how these behaviors interact with each other and how these associations
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affect the outcomes of epidemics.

1. Introduction

The effects of human behavior on disease spread are as old as
modern medical interventions themselves; the first successful vaccine
for smallpox was met with anti-vaccine sentiment from many different
groups of people (Nelson and Rogers, 1992). Despite the recent dra-
matic increase in efforts to model the effects of human behavior on
disease spread (Funk et al., 2010; Bauch and Galvani, 2013; Manfredi
and D’Onofrio, 2013; Funk et al., 2015; Verelst et al., 2016; Weston
et al.,, 2018; Perra, 2021; Proverbio et al., 2025), the SARS-COV-2
pandemic revealed that our understanding of human health-related
behavior and how it affects disease spread is currently inadequate
for large-scale infectious disease management. Existing compartmental
models leave room for improvement in capturing the complexity of
human behavior (Iranzo and Pérez-Gonzalez, 2021), although there
has been progress in game-theoretical models that incorporate a wide
variety of individual decision-making and economic factors (Briine
and Wilson, 2020; Kabir and Tanimoto, 2020; Nagurney, 2021). On
the other end of the modeling spectrum, the successful application
of an agent-based model that incorporated several aspects of human
behavior (Elbanna et al., 2020) required a large amount of coordination
and real-time changes to intervention strategies (Ranoa et al., 2022).
In addition, health behavior is culture-dependent (Rosal and Bodenlos,
2009), and so models must be flexible enough to incorporate the
potential diversity of interactions between health-related behaviors.
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Despite these difficulties, it has recently been shown that even
relatively simple compartmental models that incorporate behavioral
feedback mechanisms can perform as well as and even occasionally
outperform models that are driven by real-time data; incorporating
behavior can improve the success of an epidemiological model (Gozzi
et al., 2025).

Much of the effort towards incorporating human health behavior
into epidemiological models has focused on one behavior at a time.
If multiple behaviors have been studied, then they have been studied
without potential correlation within the individual. However, it is
possible that a person’s opinion towards one health-related behavior
may be correlated to, or even anticorrelated to, their opinion towards
a different health-related behavior. An online experiment (Patel, 2026)
demonstrated that there can be complex correlations between vac-
cination sentiment and an NPI (in this case, social distancing). In
particular, Patel (2026) found that unvaccinated individuals socially
distance further if they have a stronger pro-vaccine sentiment, whereas
fully vaccinated individuals socially distance less if they have a stronger
pro-vaccine sentiment; sentiments can be correlated and anticorrelated.
The recent work of Chen et al. (2025) studied the effect of a correlation
between vaccination and adherence to a generic NPI and found that
this correlation level can exert some control over disease prevalence
over time. In this study, we use coupled contagion dynamics to present
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a framework that can be used to study specific interactions between
multiple health-related behavior sentiments and their effect on disease
dynamics. We focus on the specific health-related behavior sentiments
of vaccination and mask-wearing.

One modeling strategy that can be exploited to specifically study
the interaction between multiple different human health-related be-
haviors and disease dynamics is the coupled contagion approach. In
this approach, the disease and a human opinion on a health-related
behavior are treated as contagions, where the spread of the opinion
affects health-related behavior which then affects the spread of the
disease (Funk et al., 2010; Wang et al., 2015). Early models using the
coupled contagion framework focused on either generic traits (Tanaka
et al., 2002), disease awareness (Funk et al., 2009), or disease fear (Ep-
stein et al., 2008; Perra et al.,, 2011). Mehta and Rosenberg (2020)
defined the term “cultural pathogen” to refer to a contagious opinion
for health-related behavior that decreases the health of the carrier of
the opinion. Note that this concept is distinct from the “parasitic conta-
gion” from Hébert-Dufresne et al. (2020), which describes a contagion
that simultaneously harms and benefits from the presence of another
contagion. The model from Mehta and Rosenberg (2020) and other
recent models (e.g. Salathé and Bonhoeffer, 2008; Wang et al., 2016;
Fu et al., 2017) used a coupled contagion approach to study the effects
of vaccine opinion on disease dynamics, and found that these opinions
can determine both short- and long-term outcomes of disease spread.
In the last two decades, models have also studied the effect of mask-
wearing behavior on disease spread (Tracht et al., 2010; Brienen et al.,
2010; Eikenberry et al., 2020), also see citations in Perra (2021), but
few have studied this behavior under a coupled contagion framework
(e.g. Qiu et al., 2022).

In one of the first studies to use a coupled contagion model with
more than one behavior and a disease, Epstein et al. (2021) notably
studied a model that combined a disease fear contagion with a vaccine
sentiment contagion, with the result that multiple waves of infection,
and changes in infection form and intensity, are significantly affected
by the characteristics of both behaviors. Teslya et al. (2022) studied
the effects of two mutually-exclusive, competing health opinions (one
health-positive and one health-neutral) and found complex results, in-
cluding the fact that both opinions can coexist and that the initial state
of population opinion can affect the disease dynamics. Other models
have studied the effects of multiple non-pharmaceutical interventions
(NPIs) simultaneously (see citations in Perra, 2021), but relatively few
have studied their joint dynamics under a coupled contagion frame-
work and incorporated correlations between behaviors (e.g. Chen et al.,
2025).

In this study, we consider a model of disease spread coupled with
two pairs of competing behavioral contagions: pro-vaccine sentiment,
anti-vaccine sentiment, pro-mask sentiment, and anti-mask sentiment.
In addition to studying these two different health-related behaviors
as cultural pathogens, we model a potential tendency of humans to
adopt one type of behavior if they have already adopted another type
of behavior. For example, people may be either more or less likely to
adopt anti-masking sentiment if they have already adopted anti-vaccine
sentiment. We study the long-term behavior of this model and establish
conditions under which we expect endemic disease, endemic anti-mask
sentiment, and endemic anti-vaccine sentiment. We find situations
where different sentiment and disease states are potentially stable at the
same time, and characterize the set of initial conditions of population
sentiment in which each such state is reached. We also study the effect
of the spread of masking sentiments and vaccination sentiments in the
short-term on a single epidemic of a new disease. We find that the
strength of the association between the two cultural pathogens can can
strongly influence, and in some cases determine the outcome of disease
spread regardless of the specific parameters of the social or biological
contagions themselves, provided that the biological contagion does not
self-extinguish in isolation. In addition, we show how a simple model
of mask-wearing sentiment acting as a cultural pathogen affects the
dynamics of a disease, and show that the spread of masking behavior
is overall less important than the spread of vaccination behavior unless
mask effectiveness is very high.
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2. Model

This model is a compartmental model based off of the standard
Kermack-McKendrick SIR model (Kermack and McKendrick, 1927).
Each individual is placed into compartments from three categories:
disease state, vaccine sentiment state and mask sentiment state. In the
framework of Proverbio et al. (2025), this is an explicit mean-field
model, with disease compartments split up by behavior in a manner
similar to e.g. Proverbio et al. (2024); the dynamics of a general form
of SIR model with split compartments is studied by Van den Driessche
and Watmough (2002).

The key assumptions of this model are as follows: the disease
follows standard SIR dynamics and resembles measles. There are four
sentiments: pro-vaccine, anti-vaccine, pro-mask, and anti-mask. Each
of these acts as a simple contagion, and an individual exhibits one of
each opinion at any given time (similar to the approach of Teslya et al.,
2022). These behaviors have previously been observed and modeled
as social contagions (e.g. Fu et al., 2017; Mehta and Rosenberg, 2020;
Konstantinou et al., 2021; Qiu et al., 2022; Karashiali et al., 2023), but
generally not at the same time.

The disease state is the same as in a simple SIR model with vital
dynamics and vaccination: individuals can be susceptible to the disease
(S), infected with the disease (1), or recovered from the disease (R).
The R compartment also includes vaccinated individuals. Individuals
enter the population as S, can transition from .S to I by interacting
with an [ individual, and can transition from S to R by vaccination.
Infected individuals can also transition from S to R by recovering from
the disease.

For the vaccine sentiment state, individuals can either be pro-
vaccine (P) or anti-vaccine (A). Individuals transition between the
two states by interacting with individuals from the other state. Only
pro-vaccine individuals can be vaccinated (i.e. can make the S — R
transition.)

For the mask sentiment state, individuals can either be pro-mask
(M), or anti-mask (N). Individuals transition between the two states by
interacting with individuals from the other state. Pro-mask individuals
exhibit a decrease in the transmission probability of the disease (i.e. the
rate of the S — [ transition is decreased).

We chose a contagion model for sentiment as opposed to a game-
theoretic opinion dynamics model (e.g. Huang and Zhu, 2022) because
the behavioral phenomenon that is of primary study here is the ten-
dency to be receptive to one kind of opinion if you already possess
another kind of opinion, which is naturally modeled as a contagion. In
addition, there is empirical evidence that health-related opinions act as
social contagions (Konstantinou et al., 2021; Karashiali et al., 2023).
In particular, transitions between these sentiment states have been
observed in both directions using Twitter sentiment analysis (Sediqin,
2021).

Each of the 12 compartments in this model is labeled by the
disease state, vaccine sentiment state, and mask sentiment state, in
that order. Table 1 describes the notation for each compartment. We
denote marginal variables by either one or two letters (e.g., PM =
SPM+IPM+RPM and N = SPN+SAN+IPN+IAN+RPN+RAN).
Table 2 describes the parameters used in the model.

We can think of this model as consisting of three ‘“subsystems”
that interact: the disease subsystem, the vaccine sentiment subsystem,
and the mask sentiment subsystem. At any given point, any individ-
ual inhabits one compartment from each subsystem. In addition, the
vaccine and mask sentiment subsystems can be combined into a larger
subsystem — the sentiment subsystem — that does not depend on the
disease subsystem.

Fig. 1A depicts the interactions between the disease, vaccine senti-
ment, and mask sentiment subsystems. Each of the four sentiment states
acts as a simple contagion; for example, an individual transitions from
pro- to anti-vaccine at a rate a upon interaction with an anti-vaccine
person. Only individuals who are in the pro-vaccine state (P) can
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Table 1

Description of model variables (compartments). The marginal variables (la-
beled with fewer than three letters) are sums of the 12 main variables of the
model.

Compartment Disease state Vaccine sentiment State Mask sentiment state
SPM Susceptible Pro-vaccine Pro-mask
SPN Susceptible Pro-vaccine Anti-mask
SAM Susceptible Anti-vaccine Pro-mask
SAN Susceptible Anti-vaccine Anti-mask
IPM Infected Pro-vaccine Pro-mask
IPN Infected Pro-vaccine Anti-mask
1AM Infected Anti-vaccine Pro-mask
IAN Infected Anti-vaccine Anti-mask
RPM Recovered Pro-vaccine Pro-mask
RPN Recovered Pro-vaccine Anti-mask
RAM Recovered Anti-vaccine Pro-mask
RAN Recovered Anti-vaccine Anti-mask
SM Susceptible Pro-mask
SN Susceptible Anti-mask
PM Pro-vaccine Pro-mask
PN Pro-vaccine Anti-mask
AM Anti-vaccine Pro-mask
AN Anti-vaccine Anti-mask
S Susceptible
1 Infected
R Recovered
P Pro-vaccine
A Anti-vaccine
M Pro-mask
N Anti-mask
Table 2

Description of model parameters. The ranges supplied here are the ranges used
in the simulations in this study; in principle, most of these parameters are
unbounded.

Parameter Description Range
b Birth rate [0,0.03]
r Disease transmission rate [0,3]
Zg Reduction in disease susceptibility due to masking [0,1]
zy Reduction in disease transmission due to masking [0,1]
g Recovery rate [0, 1]
v Vaccination rate [0,1]
p Pro-vaccine transmission rate [0,1]
a Anti-vaccine transmission rate [0,1]
m Pro-mask transmission rate [0,1]
n Anti-mask transmission rate [0,1]
X Sentiment association [-1,1]

transition from the susceptible state (.S) directly to the recovered state
(R) by vaccination. Following Tracht et al. (2010), Eikenberry et al.
(2020), and Qiu et al. (2022), mask-wearing decreases transmission
rate of the disease by a fraction zg if the susceptible individual is
wearing the mask and z; if the infected individual is wearing the mask.
These effects are multiplicative, so that if both the susceptible and the
infected individual are wearing a mask, then the transmission rate is
multiplied by zgz;.

Fig. 1B depicts how the vaccine and mask sentiment systems interact
with each other. For a particular sentiment, the pro- and anti-state
contagions compete with each other; the one with a higher transmission
rate wins. This interaction is affected by the association parameter
x, which ranges from —1 to 1 and describes how an individual’s
tendency to exhibit a position on vaccines is similar to that individ-
ual’s tendency to exhibit a position on masks. For example, x > 0
means that if an individual is pro-vaccine, that individual is more
likely to turn pro-mask when interacting with a pro-mask individual
than if the individual were anti-vaccine. An individual is also more
likely to turn pro-vaccine if the individual is pro-mask. The opposite
occurs for x < 0; an individual is more likely to turn pro-vaccine if
that individual is anti-mask and more likely to turn anti-vaccine if
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pro-mask. When x =
so the two contagions are independent. The association parameter x
should be interpreted as modulating transmission probabilities during
pairwise interactions; it summarizes the extent to which exhibiting one

0, there is no association between behaviors,

sentiment affects the probability of adopting another sentiment. This
formulation is consistent with many different theoretical frameworks,
including cognitive dissonance/consistency, social identity alignment,
and network homophily; we do not attempt to distinguish between
these options as the model is intended to capture their aggregate
effect.

Fig. 1C depicts all the possible transitions between all the compart-
ments of the model. The four states that correspond to a particular
disease state and all possible sentiment state combinations can each
transition among each other via the four different sentiment contagions.
The four susceptible states can become infected, but the infection rates
for SPM and SAM (the pro-mask states) are decreased compared
to those for SPN and SAN (the anti-mask states) by a factor of zg
and the infection rates are also decreased by a factor of z; if the
infected individual is pro-mask (I PM or IAM). We use the standard
assumption that only one state transition can happen at once (so that
e.g. the transition SPM — [ AN is not allowed.)

Eq. (1) shows the full system of equations corresponding to the
model from Fig. 1C. Note that all variables must sum to 1, so we can
omit one variable (RAN) from most further analysis.

dS;jM = b(PM) + (1 + x)pP(SAM) + (1 + \)mM (SPN)

— SPM [rzg [IN + z;(UM)| + (1 = x)(@A + nN) + b + v
as 2M = bB(AM) + (1 — x)aA(SPM) + (1 = x)mM(SAN)

— SAM [rzg [IN + z;(IM)| + (1 + x)(pP + nN) + b]
de’:N = b(PN) + (1 — x)pP(SAN) + (1 — x)nN(SPM)

— SPN[r[IN +z;(IM)] + (1 + x)(aA +mM) + b+ v]
d Sd*:N = b(AN) + (1 + x)aA(SPN) + (1 + x)nN(SAM)

— SAN [r[IN +z;(IM)] + (1 — x)(pP + mM) + b]
LLEM 2 g(SPM) [IN +2,(IM)] + (1 + x)pP(TAM)

+ (1+x)MMIPN)—IPM [g+ (1 - x)(@aA +nN) + b]
dIAM
dt

=rzg(SAM) [IN + z;(IM)] + (1 - x)aA(IPM)

+ (1-x)mM(IAN)—IAM [g+ (1 + x)(pP + nN) + b]
d’d# =r(SPN)[IN + z;(IM)]| + (1 - x)pP(IAN)
+ (I1—=x)nN(IPM)—IPN [g+ (1 +x)(aA+mM)+b]
dIAN
di

= r(SAN) [IN + z;(IM)] + (1 + x)aA(IPN)

+ (1+x)nNUAM)—-ITAN [g+ (1 —x)(pP+ mM)+ b]
dRPM

=0(SPM)+gUPM)+ (14 x)pP(RAM) + (1 + x)y mM(RPN)

di
— RPM[(1-x)(@aA+nN)+b]

dR‘zM = g(IAM) + (1 — X)aA(RPM) + (1 — x)mM (RAN)
— RAM[(1 +x)(pP +nN)+b]

dRPN

T = 0(SPN) + gUPN) + (1 = )pP(RAN) + (1 = )nN (RPM)

— RPN[(+x)aA+mM)+b]

def:N = g(IAN) + (1 + x)aA(RPN) + (1 + x)nN(RAM)

— RAN[(1 - x)(pP +mM) +b].
€9)
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'
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Fig. 1. Diagrams of the model interactions. (A) Interaction between the sentiment subsystems the and disease subsystem. Pro- and anti-vaccine and pro- and
anti-mask sentiments act as simple contagions. Only pro-vaccine individuals can be vaccinated. Pro-mask individuals have a modified, decreased, probability of
disease transmission. (B) Interaction between sentiment subsystems. The contagion behavior of the two sentiments is mediated by the association parameter x.
For large positive x, transitions labeled by solid arrows are more frequent, and for large negative x, transitions labeled by dashed lines are more frequent. (C)
Full model with all transitions between states. The two possible vaccination transitions are colored blue. The infection rates are colored by the mask sentiment:
green for pro-mask (and so the infection rate is decreased), yellow for anti-mask (and so the infection rate is increased).

3. Results
3.1. Long-term dynamics

3.1.1. Sentiment equilibria

In the long run, this system reaches one of several possible stable
equilibria. The dynamics of the sentiment subsystem are independent
of the dynamics of the disease subsystem (but not vice versa). The
sentiment subsystem is

AEM (14 x)pP(AM) + (1 + XmM(PN) = (1 = x)(PM)(aA + i)
BN (1~ 0pP(AN) + (1 = 0nN(PM) = (14 x)(PN)(aA + mM)
di‘,—,M = (1 = x)aAPM) + (1 = )mM(AN) = (1 + x)(AM)(pP + nN) (2)
[bs—tN =1+ x)aAPN) + (1 + x)nN(AM) — (1 — x)(AN)(pP + mM)

There are four sentiment subsystem equilibria that are nontrivial
and do not rely on specific equalities in parameter values, each cor-
responding to one particular sentiment type (PM, PN, AM, or AN),
taking over the population. See Appendix for details.

To express the stability conditions for these equilibria, we use the
following two quantities:

p—a

Ay = 3

4 p+a 3
m—n

Ay =20 4

M= m+n “)

Ay (Eq. (3)) is the relative transmissability or persuasiveness of
pro-vaccine sentiment compared to anti-vaccine sentiment, and 4,,
(Eq. (4)) is the equivalent value for masking sentiment. Table 3 sum-
marizes the stability conditions for the four possible equilibria. From
Table 3 and the knowledge that —1 < x,4,,4,, < 1, we can deduce

14

Table 3

Equilibria and stability conditions for the sentiment subsystem. Note that the
last two rows are for bistability; the population is not ever simultaneously in
a state where PM = AN =1 or PN =AM =1.

PM PN AM AN 4 <0 Jy <0 43 <0
1 0 0 0 x> -4, x> Ay x<1
0 1 0 0 x <4y x <=4y x>-1
0 0 1 0 x <-4y, X <Ay x> -1
0 0 0 1 x> 4y x> Ay x<1
1 0 0 1 x> |4y x> |Ay] x<1
0 1 1 0 x < —|dy] x < |4yl x> -1

that ranging x from —1 to 1 will yield all possible sentiment states as
stable at some point, at least in a situation where bistability is possible
(i.e., the bottom two columns of Table 3).

The effect of x can be summarized by stating that a strong enough
association can override existing relationships between sentiments to
“drag” a weaker position into dominance if the corresponding position
in the other sentiment is strong enough. For example, PM can be stable
even if anti-vaccine or anti-mask sentiment is dominant (4,,4,, < 0)
so long as x is large enough. If one of those “anti” states is dominant,
“large enough” only depends on the strength of that state.

The conditions in Table 3 leave the possibility open for multiple
equilibria to be stable at once. The first possible situation involves
a very large positive x, in which case the association can overpower
sentiment transmission and “drag” the double-pro (P M) or double-anti
(AN) state into dominance. The second possible situation involves a
very large negative x, which has the opposite effect and can drag one
of the “mixed” states (PN or AM) into dominance.

Because there is complete symmetry between the two sentiments in
the sentiment subsystem, we can choose exactly one of each option for
several choices without loss of generality as an illustrative example of
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Fig. 2. Association affects which equilibrium is attained in a bistable regime.
The minimum required initial proportion for AN to dominate over PM when
both are potentially stable decreases with increasing association x. Thus,
a stronger association between behaviors can change a situation from PM
to AN, potentially dramatically shifting the outcome of the disease spread.
Parameters used in these simulations are p = 0.8, a = 0.2, m = 0.6, n = 0.4,
x € [0.6—0.95], and PM, € [0, 1].

the potential for bistability: we focus on the case where the double-
pro sentiments PM and AN are possible, we let 4, > 4,, > 0, and
range over a variety of initial conditions to see when which cases AN
dominates vs PM. In this case, we require x to be large but less than
1, and we expect that we are in the basin of attraction of the AN
equilibrium more when we start close to the equilibrium (i.e., AN =~ 1)
and when x is larger. Because 4, 4,, > 0, the two “positive” sentiment
contagions are stronger than the “negative” ones, so the pair PM
should dominate under more initial conditions.

This reasoning is shown in Fig. 2, where we fixed p = 0.8, a = 0.2,
m = 0.6, and n = 0.4. Thus, 4, = 0.6 and 4,, = 0.2. We ranged x
from 0.6 to 0.95. These parameters satisfy the condition in Table 3 for
bistability of PM and AN. For simplicity, we fixed PN, = AM, = 0.01
and ranged PM, from O to 1 in intervals of 0.01. In this case, AN = 1
when AN, is large enough (and PM,, is small enough). Fig. 2 shows
the minimum value of AN, such that AN = 1 for a range of values of x
such that bistability is possible. We see that as x increases, it becomes
easier for the unfavored pair AN to dominate over the favored pair
PM, suggesting that association alone between behaviors is sufficient
to switch the outcome of the dynamics.

3.1.2. Disease equilibria
We can use the sentiment subsystem results to find the different
disease subsystem equilibria. The disease subsystem is

% =b[1—S]—r[SN +zg(SM)| [IN + z;(IM)] — v(SP)
% =r[SN + zg(SM)] [IN + z;(IM)] — (g + b)I 5)
dR
— = P I -bR
o = USSP gl = b
First, we define the standard epidemiological quantity
Ry=— 6)

=i
There are two possible options for the equilibrium value of infected
individuals T: either I = 0 and the disease is extinct in the long
term or T > 0 and the disease is endemic. Each of these options can
combine with all four of the sentiment subsystem equilibria to create 8
possible situations. Table 4 lists these situations with the corresponding
equilibrium values of the variables. As seen in Table 4, the presence of
both vaccination and masking decreases endemic disease.
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Fig. 3 displays how the critical R, (aka the value at which R,
must exceed for the disease to be endemic) varies with the association
parameter x and the sentiment subsystem equilibrium in the case
where 4, < 4, < 0 (so each anti-contagion is stronger than each
pro-contagion, and anti-vaccine sentiment is stronger than anti-mask
sentiment). For illustrative purposes, we chose » = 0.02, v = 0.14,
and zgz; = 0.3. The critical R, is lowest when both anti-sentiments
dominate (XJ\V = 1) and highest when both pro-sentiments dominate
(PM = 1). The multiplicative nature of the joint effect of masking and
vaccination is visible in how much higher the critical R, is for PM = 1
than for both PN = 1 and AM = 1, where only one pro-sentiment is
dominant. From Fig. 3, we see that the fate of a non-self-extinguishing
disease (aka R, > 1) can be entirely determined by the value of x, so
long as its R is less than the critical value for PM.

3.2. Example

Fig. 4 displays the equilibrium value of disease (I) for each senti-
ment equilibrium, a range of values of z and v and disease parameters
b=0.02, r =2.14, g = 0.014, R, ~ 63 (chosen for visibility of the bound-
ary curves). In a situation with a highly contagious disease, in order
to eliminate the disease in the long-term, it is critical for pro-vaccine
sentiment to dominate. Mask-wearing sentiment has a comparatively
smaller effect on endemic disease. The effect of the two sentiments
combined is multiplicative.

3.3. Sensitivity analysis

Following the technique outlined by Marino et al. (2008), we per-
formed a sensitivity analysis on all the parameters and initial conditions
on all variables, as well as the marginal variables .S, I, P, and M. The
full results of this are provided in the Appendix and Table 5. Parameters
that significantly correlated positively with the infected rate I are the
anti-vaccine sentiment transmission rate a, the anti-mask transmission
rate n, the disease transmission rate r, and, notably, the interaction term
x. Parameters that significantly correlated negatively with I are pro-
vaccine transmission rate p, pro-mask transmission rate m, and recovery
rate g.

The primary effect of increasing the interaction term x was to
increase the proportion of compartments where the sentiments “match”
(both pro- or both anti-) and decrease the proportion of compartments
where the sentiments are opposed.

3.4. Short-term dynamics

Here we study the effect of associated masking and vaccination
behavior on a single epidemic of a new disease. We assume that a
population is generally pro-vaccine and pro-mask with respect to this
disease. The only non-susceptible, non-pro-vaccine, and non-pro-mask
individuals in the population are one infected individual, one anti-mask
individual, and one anti-vaccine individual, with every other state of
each of these individuals pro-sentiment and/or disease susceptible. Our
initial condition is

3
SAM = L
1000
1
PN=——
S 1000
IPM = —,
1000

and everything else is zero. This initial condition is chosen to model a
situation that is highly unfavorable for disease spread, allowing for the
sentiment dynamics to be potentially important. These results are not
intended to be exhaustive.

For our parameters, we use disease parameters representative of
measles (r = 2.14 and g = v = 0.14 as used in Mehta and Rosenberg,



R.S. Mehta Theoretical Population Biology 170 (2026) 11-25

PM
201
(=}
14
©
2
=
j—
@)
10 1
PN
——
AM
AN
1
T T T T T T T
-1 Ay A 0 —Ay —Awm 1

Association (x)

Fig. 3. Association can determine disease endemism. The critical value of R, that a disease must exceed to be endemic is highest when both pro-sentiments are
dominant and lowest when both anti-sentiments are dominant. The association parameter x determines which sentiment state is dominant, and any dominant
sentiment state can be obtained with a particular value of x. Critical R, values are obtained from Table 4. The horizontal lines indicate critical values of R,
labeled by which sentiment state is dominant. 4, and 4,, are defined in Egs. (3) and (4), respectively. For this illustration, b = 0.02, v = 0.14, and zgz; = 0.3.
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Fig. 4. Endemic disease prevalence (the equilibrium value T from Table 4) is affected by which sentiment state is dominant. For AM, the population is anti-vaccine
and pro-mask. For AN, the population is anti-vaccine and anti-mask. For PM, the population is pro-vaccine and pro-mask. Finally, for PN, the population is
pro-vaccine and anti-mask. For the two anti-vaccine sentiment states AM and AN, mask effectiveness makes little difference on endemic disease. For the two
pro-vaccine states PM and PN, vaccination rate and mask effectiveness have strong effects, leading to situations where sentiment presence can affect disease
endemism. The white dashed lines represent the boundary between disease endemism at equilibrium and disease extinction at equilibrium. For this illustration,
b=0.02, r =214, and g = 0.014. For AM, this line is 1 — zgz; = 1 — RLU ~ 0.98 which is slightly higher than the value of 0.97 obtained by using the masking

effects that are used by Qiu et al. (2022); for PM, this curve is 1 — zgz; = 1 — (1 + f) Rl; finally, for PN, this line is % = b(Ry — 1) ~ 1.24, which is within the
)
reasonable range of timescales with regards to practical vaccination (at least one day).
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Disease equilibrium values for each sentiment equilibrium scenario. Note that for each scenario,
only one pair of sentiment states exists, so there are only three potential nonzero states. The
recovered state can be obtained by subtracting the susceptible and infected states from 1.

Sentiment equilibrium S 1 Stability condition
PM =1 b 0 Ry < (1+5)
v+b ZgZ; b
=3 1 b v 1 1 v
PM =1 —1—(1 7) Ry> —— (1 7)
zgzZ Ry g+b [ * b zSz,RD] 0 ZgZ) * b
PN =1 Uib 0 Ry<1+%
=% 1 b v\ 1 ,
PN =1 4 |- (1+2) = Ry>1+%
R, g+b [ *5 RO] 0> 1
AM =1 1 0 R, <
ZsZ2y
AM =1 1 LA PR R, >
zgzZ R, g+b z5z; Ry 252
AN =1 1 0 Ry <1
AN =1 1 b oL Ry > 1
R, g+b Ry

2020), with b = 0 so that we look at a single instance of potential
disease spread over a short time scale. As we are primarily concerned
with the effect of x, we vary x € [—1, 1]. Because we do not know the
sentiment parameters but also want to maintain some simplicity, we
set p+a=m+n=1 and vary p,m € [0, 1].

We describe the transient dynamics of this system using three
measurements: the number of epidemic peaks, the maximum disease
proportion, and the total infection load (defined as the integral of the
disease proportion).

Fig. 5 displays the number of observed epidemic peaks versus the
model parameters. There are a small number of cases where there
are multiple epidemic peaks; these cases occur in general for lower
or negative association x, longer waiting time to vaccination v~!,
sufficiently ineffective masking (large zgz;), strong anti-vaccine sen-
timent transmission (negative 4,/), and strong anti-mask transmission
(negative 4,,). For zgz,, the critical value that separates the two phases
is ~ Ra], corresponding to the disease endemism stability condition in
Table 4 as well as a necessary condition for having no epidemic peaks
(see the next section). All of these situations can be summarized as
those that make it easier for the disease to spread. The initial condition
for this section has almost everyone at pro-mask and pro-vaccine, so a
negative x would be able to “pull apart” these pairs and make it easier
for anti-sentiments to spread.

We divide the remainder of this analysis among the cases where
there are no epidemic peaks and where there is one epidemic peak.

3.5. No epidemic peaks

When there is no epidemic peak, the infected proportion starts at the
initial proportion of 0.001 and then monotonically decreases. Thus, the
maximum infection proportion is 0.001. The total infection load thus
depends on how quickly the infected proportion decreases.

Fig. 6 shows that the total infection load (the area under the
infection curve) increases in any situation where you would expect the
disease to have an easier time transmitting: stronger anti-vaccine senti-
ment, stronger anti-mask sentiment, less effective masking, and longer
waiting times to vaccination. In addition, the effect of the association
parameter is complex, with significant infection loads occurring for
intermediate positive and all negative associations. The same reasoning
that allows negative x to lead to more epidemic peaks applies here to
allow for a greater infection load; a negative association uncouples the
two pro-sentiments that initially dominate the population.

A necessary (but not sufficient) condition for there to be no peaks is
for L <0atr=0 (the condition would be sufficient if it is true for all
t). In general, if we assume that there is one anti-mask and one infected
individual in a population of size n, this condition is equivalent to

z
—l+zsz,(1—z)<L
n n

Ry’ )
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which, using our R = 15.29, for large n yields zgz; < 0.065 (which
is the critical value in Fig. 5C). If zg and z; were both less than about
0.25, this condition would be satisfied. In general, for a new disease
that is approximately as infectious as measles, where sentiment is
almost entirely pro-mask, mask effectiveness has to be at least moderate
in both directions to prevent an epidemic.

3.6. Two epidemic peaks

Here we observe an example situation where the presence of a
positive association x results in two epidemic peaks. Using the same
initial conditions as previously, and the following parameters: b = 0,
p=01,m=0.12, v =025 a=09,n=0.388 zg = 0.6, and z; = 0.5,
we obtain a situation where x = 0 leads to a single epidemic peak, but
x = 0.2 leads to two epidemic peaks

The infection dynamics are broken down in Fig. 7. In both Fig.
7A (x = 0) and Fig. 7B (x = 0.2), the infected proportion is initially
driven by the spread of IPM individuals (as those were the only infected
individuals at the start). Then, at some point, anti-vaccine and anti-
mask sentiment takes over the population (Fig. 7C), and then after a
brief transition through the IAM and IPN states, the IAN state takes over
and leads to the epidemic in Fig. 7A and the second epidemic in Fig. 7B.
The effect of the positive association x = 0.2 is in this case to delay the
spread of the anti-sentiments slightly (Fig. 7C). Because we start with
almost everyone pro-vaccine and pro-mask, and no individuals anti-
vaccine and anti-mask, positive association between the traits actually
takes longer for the two anti-traits to “find” each other than if they were
independent. This delay is enough to allow the initial pro-sentiment
epidemic to settle down before the anti-sentiment epidemic starts up.
Note that the positive association epidemics are much smaller than the
independent epidemic in this case; the delay of the sentiment spread
also mitigates the overall impact of the epidemic.

3.7. One epidemic peak

Fig. 8 displays the relationship between the maximum infection load
and the model parameters. Strong, expected effects include those of
negative association (Fig. 8A); because the initial condition has the
two anti-sentiments separate, negative association can act like genetic
recombination and bring them together, allowing faster transmission of
disease in those individuals, strong anti-vaccine transmission (Fig. 8B),
strong anti-mask transmission (Fig. 8C), and longer vaccination waiting
times (Fig. 8F). Mask effectiveness (Fig. 8DE) leads to the highest peaks
when it is intermediate. The nonmonotonic effect of mask effectiveness
is further explored in Fig. 9.

In Fig. 9, four scenarios are considered. With a parameter set of
b=0,r=213,g=v=014,m=04,n=0.8, p=02,and a = 0.8
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Fig. 5. The number of observed epidemic peaks depends on the values of the model parameters. (A) As the association x increases, fewer peaks occur. (B)
As the waiting time to vaccination v~! decreases, fewer peaks occur. (C) If zgz; < Ral, there is either one peak or no peaks. Multiple peaks only occur when
zgz; > Ry', which is the condition for endemic disease when anti-vaccine, pro-mask sentiment dominates. (D) Multiple peaks are more likely to occur when
pro-vaccine transmission is weaker than anti-vaccine transmission. (E) Multiple peaks are more likely to occur when pro-mask transmission is weaker than

anti-mask transmission.

A B C
0.12

o 0.121 - o
© © ©
[} (e} [}
| | |
p = 0.101 p
2 0104 9o 9o
B © ©
QL QL QL
£ £ £
T 0.084 || T 0081 5
it H{nfujals it i<t

0.06 1 ; ; ! ; ! ! ! ! !

-10 -05 00 05 10 -10 -05 00 05 1.0

X Ay
D E F
0.175

o he] ©
© 0.151  0.1501 8
| —1 —
c c c
Kl Ke] Ke]
Z 0124 & 0.125+ 5
QL QL Q£
£ £ £
S 0.091 © 0.1007 I
S S S

T TTT 0.0754 _ Ll

006- T T T T T T T T T T

000 025 050 075 1.00 0.00 025 050 075 1.00
Zg Z

0121
0.10-
0.081
10 -05 00 05 10
Am
0.14
0.12
0.10
0.08-|J__I
0.064 , , , ,
25 50 75 100
1/v
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Fig. 7. Association between sentiments can lead to multiple epidemic peaks. (A) Infection dynamics when there is no association (x = 0). (B) Infection dynamics
when there is an association (x = 0.2). (C) Sentiment dynamics in both cases. The positive association x = 0.2 delays the spread of anti-sentiments (because the
initial condition had the sentiments separate), which then delays the spread of AN individuals and delays the IAN-based epidemic until after the initial IPM-based
epidemic subsides in (B).
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Fig. 9. Decreasing mask effectiveness can either increase or decrease the intensity of an epidemic. (A and B) In the context of moderate infected mask effectiveness,
decreasing susceptible mask effectiveness actually decreases the epidemic peak. With a highly effective susceptible mask (A), the epidemic consists entirely of
IAN individuals (aka unmasked). With a highly ineffective susceptible mask (B), the infection spreads through pro-mask individuals, but because infected mask
effectiveness is sufficient, this slows down the epidemic. (C and D) In the context of poor transmission effectiveness, decreasing susceptible mask effectiveness
increases the epidemic peak. With a highly effective susceptible mask (C), the epidemic again consists entirely of IAN individuals. With a highly ineffective
susceptible mask (D), the infection spreads primarily through pro-mask individuals, and the masks are both poor enough that the epidemic is more severe. Other
parameters used here include » = 0, x = —=0.1, p = 0.2, a = 0.8, m = 0.4, n = 0.8, r = 2.13, and g = v = 0.14. Both anti-sentiments transmit stronger than the

pro-sentiments in this example.

(so both anti-sentiments transmit better than their corresponding pro-
sentiments, and the disease behaves like measles), we use four different
types of masks: a mask that is good for the susceptible individual and
moderate for the infected individual (zg = 0.1, z; = 0.4), a mask
that is bad for the susceptible individual and moderate for the infected
individual (zg = 0.9, z; = 0.4), a mask that is good for the susceptible
individual and bad for the infected individual (zg = 0.1, z; = 0.9), and
a mask that is bad for both the susceptible individual and the infected
individual (zg = 0.9, z; = 0.9).

It might be expected that decreasing mask effectiveness will increase
the intensity of an epidemic, but this is not always the case. In Figs.
9AB, we see that decreasing mask effectiveness for the susceptible
individual actually decreases the epidemic peak. In this case, because
masks are effective at preventing transmission, infecting masked indi-
viduals slows the disease down. Masked individuals can get infected
because their masks do not prevent themselves from getting infected,
but the masks still prevent them from passing the disease on, so
instead of spreading through a predominantly AN population, the
disease encounters transmission-limiting pathways in the AM and PM
population.

By contrast, if masks are poor at preventing transmission
(Figs. 9CD), then spreading through the masked population does not
hinder the disease very much, and a poor mask for the susceptible
individual will increase the spread of the disease as compared to a good
one.

4. Discussion

We have developed a model of two cultural pathogens: one for
mask-wearing sentiment, and one for vaccine sentiment, that affect the
transmission of a disease. Our focus was to see how a tendency to asso-
ciate one cultural pathogen with another affects the disease dynamics.
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We modeled this tendency using a parameter that affected the rate of
transmission of a social contagion based on the current sentiment state
of the receiver. A positive value of this parameter indicated that there
was an association between “like” sentiments (e.g. pro-vaccine people
are more receptive to pro-mask sentiment, and anti-vaccine people are
more receptive to anti-mask sentiment), and a negative value of this
parameter indicated that there was an association between “unlike”
sentiments (e.g. pro-vaccine people are more receptive to anti-mask
sentiment, and anti-vaccine people are more receptive to pro-mask
sentiment).

Negative values of this parameter may seem unlikely to exist in
reality, but empirical and published anecdotal evidence suggests that
negative associations may arise, at least locally or over a short period
of time. For instance, people may be anti-vaccine because they are
worried about the vaccine, but are still concerned about the disease
itself, and therefore would be more likely to adopt other behaviors
that would prevent them from getting the disease, such as masking.
Likewise, people who are vaccinated may be less likely to want to
wear a mask as well, as masks are uncomfortable and the protection
from the vaccine may be judged to be sufficient. For example, Floyd
et al. (2022) found that mask-wearing decreased once the COVID-19
vaccine was broadly available in the USA, even among individuals who
were not vaccine-hesitant. In addition, in their study of social media
sentiment, Martin and Vanderslott (2022) found examples of pro-mask,
anti-vaccine Tweets (e.g. “I trust the mask but not the vaccine.”)
and evidence of pro-vaccine, anti-mask behavior (e.g. “Young, healthy
Senator, who spoke at rallies packed w/thousands w/o masks, who
supports Trump -who’s down-played COVID & mocked those who wear
masks, is 1st to get vaccine while most medical workers, elderly &
infirm Americans, wait. Congratulations on ur privilege, @user”). Fur-
thermore, not all anti-science skepticism comes from the same source or
has the same basis (Rutjens et al., 2018), and so allowing the potential
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for decoupling or even negative coupling of multiple sentiments better
matches reality than assuming a positive coupling.

We found that such a tendency can have a dramatic effect on the
outcome of disease spread, to the extent that it can play a determining
role in the outcome of the spread of a disease. In the long term, for any
particular social contagions, there exist critical values of the association
such that any outcome of social contagion transmission can be reached.
Some of these values can be quite extreme and require a very strong
association between the two traits, but in principle they exist. Thus, not
only can the dynamics of the social contagions themselves determine
the outcome of disease spread, but the association between the social
contagions can as well.

We also found a wide variety of short-term effects of the joint spread
of associated vaccine and mask sentiments. The spread of these senti-
ments can affect how quickly a disease dies out without an epidemic,
the overall strength of a single-peaked epidemic, and the possibility of
multiple epidemic peaks. In addition, the association between the two
sentiments can have complex effects on the spread of the sentiments
and the spread of disease. If the association is strong enough, senti-
ments that normally would not spread in isolation can still spread in the
presence of a more favorably-spreading associated sentiment, leading to
changes in the existence, strength, and timing of epidemics.

Previous modeling studies have also observed multiple epidemic
waves as a consequence of intrinsic human behavior (Jo et al., 2026).
Examples include models of behavior change with decaying mem-
ory (Harris et al., 2023; Ochab et al., 2023) or a time delay (d’Onofrio
and Manfredi, 2009; Bhattacharyya and Konar, 2021; Mahmud et al.,
2025), as well as “injection”-style effects where individuals self-isolate
and then return to the population based on disease prevalence (Epstein
et al., 2008; Valle et al., 2012; Epstein et al., 2021) and other forms
of behavioral reversion (Martcheva et al., 2021; Nguyen et al., 2025).
The general pattern for these cases is that multiple waves are triggered
by some aspect of the system changing over time or a time delay in
some effect. In our case, this time-delayed effect is the “background”
spread of sentiment dynamics; multiple epidemics can be triggered by
anti-sentiments spreading in the population and making the situation
worse after an initial epidemic has already burned out. This particular
mechanism is similar to that observed in the related model of Mehta
and Rosenberg (2020) as well as a fear-contagion model in Perra et al.
(2011).

The association parameter is used here as a way to capture how
individuals adopt ideas when they already hold other ideas. These in-
dividuals can be thought of as integrating a new idea into their existing
framework. This idea has a long history in the social sciences, start-
ing with Blau and Schwartz (1984)’s concept of “consolidation”. The
matching nature of existing and new ideas is related to Heider’s Balance
Theory (Heider, 1946) and cognitive dissonance theory (Harmon-Jones
and Mills, 2019). The underlying assumption in this model is that
regardless of whether the association is positive or negative, when
adopting the new trait, the individual is trying to reconcile their
opinions with some sort of internal model (which may naturally lead
to either a positive or negative association). Connecting this type of
dynamic with existing psychological and sociological models could
lead to a deeper understanding of how humans develop health-related
beliefs and how those beliefs affect human health.

The association parameter can be considered in the context of
a “parasitic contagion” defined by Hébert-Dufresne et al. (2020), in
which a contagion can increase its own spread by using another con-
tagion. Depending on the sign of the association, different pairs of
contagions in this model can be considered as having a parasitic
relationship. This framework is useful for classifying social contagions
that may behave in similar ways despite affecting different behaviors.

Humans vary in their individual behavior. In particular, humans
may vary in their tendency to accept certain sentiments when they
possess others. Thus, the association parameter x could be an individual
quantity as opposed to a population average. Future work could allow x
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to vary randomly among the population; this variation when combined
with population structure may lead to different quantitative results.
However, we hypothesize that similar qualitative effects of the associ-
ation parameter may persist in the context of heterogeneous behavior
due to the mean-field nature of SIR models. Another potential extension
would include time-varying association (perhaps tied to disease preva-
lence); in those cases, it is important to know what association does
when fixed so that time-varying situations can be properly interpreted.

Individuals can change their behavior based on factors other than
social contagion. For instance, the Health Belief Model used by Ryan
et al. (2024) is an example of a behavioral-sciences-driven model for-
mulation of individual decision-making that takes into account multiple
sources of information and risk-reward assessment. Using this or similar
frameworks could help pinpoint exactly in which way associations
between sentiments can occur and be most impactful.

The simplest SIR models, with and without vital dynamics, are
unobservable and unidentifiable in general (unless certain information
is known) (Cunniffe et al., 2024). This suggests the existence of similar
identifiability problems in this model, which is a more complicated
SIR model with more parameters that are difficult to measure. The
practical effort of estimating model parameters from data is therefore
challenging. The approach we would recommend is to measure indi-
vidual parameters from specific observations of the particular dynamic
(e.g. measure sentiment transmission parameters from experiments)
and then use this model as a forward-projection model as opposed to
an inference model. The association parameter x can be inferred from
a contingency table of joint sentiment observations, where deviation
from independence implies association. Potential data sources for these
sentiment transmission parameters would include sentiment-analyzed
social media posts or message-passing experiments.

This model is relatively high-dimensional. There are 12 compart-
ments, and computing the eigenvalues of the full Jacobian matrix is
analytically intractable. Future research that models multiple behaviors
at once in conjunction with a disease may be better served by agent-
based models, where less bookkeeping is required. Another potential
source for future complexity with regard to this model is the simple
treatment of the effect of mask-wearing on disease transmission. It is
well-known that mask-wearing has nuanced effects on disease transmis-
sion (Brienen et al., 2010). Our simplified choice was made purely for
modeling tractability and interpretability; there is certainly room for
future work that uses more realistic modeling of disease transmission
with masking.

Incorporating human behavior into epidemiological modeling is
both difficult and necessary. This study shows that when multiple
health behaviors interact, the nature and strength of the interaction
itself can have a strong effect on the outcome of disease spread. As we
continue to learn how human behavior in all of its myriad facets affects
disease dynamics, we must pay attention to the interactions between
those behaviors themselves.
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Appendix
To simplify the analysis of this system, we can study the equilib-

ria and stability conditions of the disease and sentiment subsystems
obtained by tracking marginal variables.



R.S. Mehta

A.1. Disease subsystem equilibria

If we track the disease states .S and I (noting that R=1- S5 —1),
we obtain

a5 _ppi-s1-r [SN + zg(SM)| [IN + z;(IM)| — vSP
% =r[SN + zg(SM)| [IN + z;(IM)] = (g + b)I

Let the dummy variables k = %, p= %, and g = %
ds
= b—rSI[(1-p)+zsp] [(1 — @) + z;9] — (Wk + b)S

‘;—{ =rST[(1-p) +z5p] [1 - @) +z;9] — (g + BT

As with the standard SIR model, there are two choices for 7. First,

I=0:
ds
— =b—(vk+b)S
T (vk + b)
§=-2b
vk+b
Second, 7>0. First, we solve for S
0=rS[(1-p)+2z5p] [(1 - ) +2,9] — (g +b)
~ b
§_8*0 1
ro [ =p+zgp] [ - @)+ z;4]
1 1

TR [I-(-zgp|[1-(-zpa]

Then, we solve for I:

0=b—r§IA[(1—p)+zSp][(1—q)+z,q]—(uk+b)§
rST[(1 = p) +zgp] [(1 — @) + z1q] = b — (vk + B)S
b _ vk + b
P81 =p) +zgp] [1 =) +279]  r[A=p) +2z5p] [1 =) + 2]
_ b vk +b
Tg+b r[1-(1-zgp| [1-(1-zpq]

I=

We still need to know the values of k, p, and ¢ at equilibrium, which
require knowing the sentiment equilibria.

A.2. Sentiment subsystem equilibria

If we track the sentiment marginal variables PN, PM, and AN
(noting that AM =1—- PN — PM — AN), we obtain

% = (1 =x)pP(AN) + (1 = x)nN(PM) = PN [(1 + x) [a(l = P) + m(1 — N)]]
d?{ =1 +x)pP(1— P —AN)+ (1 +x)m(1 — N)PN—

PM [(1 - x)[a(l — P)+nN1]
d;‘—tN = (1 +xa(l = P)PN + (1 + x)nN(1 — P — AN)—

AN [(1 —x)[pP +m(1 — N)]].

From this system of equations, it is not obvious what the equilibrium
values of these variables are. Verifying that all the boundaries where
either one or none of the three variables is 1, and the rest are zero, are
indeed equilibria, requires only inspection. We label these equilibria by
(PN,PM,AN).
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Because the Jacobian of this system is very wide, we display it by
element:
Jiy =1 =x)[n(PM)+ p(AN)] = (1 + x) [a(l — PM) +m(1 — AN) = 2(PN)(a + m)]
Jip =1 =x)[nN + p(AN)] + (1 + x)a(PN)
Jiz =10 =x)[n(PM) + pP]+ (1 + x)m(PN)
Iy =1+ x)[(p+m)(1 = AN = 2(PN)) = 2p(PM)] — (1 — x)(n — a)(PM)
Jy =1 +x)p[1=2P-AN]-(1-x)[a(l1 = PN —2(PM))+nN]
Jyy == +x)[(p+m)P + p(PM)] - (1 —x)n(PM)
Jy =0 +x)[(a+n)(1—-PM—-2(PN))—n(AN)] = (1 = x)(p — m)(AN)
J3 = =(1+x)[(@+n)(PN)+n(AN)] — (1 = x)p(AN)
Jyy =1 +x)n(1 — PM = 2(PN) — 2(AN)) = (1 = x) [pP + m(1 = PN) — 2m(AN)]
(8)
The Aeigenvalues of the equilibrium (1, 0, 0) (which corresponds to p =1
and k = 0) are:
M=m+nx+m-—n
== +x)(p+n)
M=@+ax+a-—p.
This equilibrium is stable when:

n—m

x<o— (C)]
x> -1 (10)
x<§;z. (11

The eigAenvalues of the equilibrium (0, 1,0) (which corresponds to
p=1and k = 1) are:
M =—(m+nx+n—m
A== =x)p+n)
Ay=—(a+px+a-—p.
This equilibrium is stable when:

nh—m

x> pr 12)
x<1 (13)
=

The eigenvalues of the equilibrium (0,0, 1) (which corresponds to
p=0 and k = 0) are:
M=—m+nx+n—m
A

=—-1-x)(c+n)
M=—(p+ax—a+p.

This equilibrium is stable when:

m-—n

- 15
x>m+n (15)
x<1 (16)
x< 212 a7

p+a

Finally, the eigenvalues of the equilibrium (0,0,0) (which corre-
sponds to p =0 and k = 1) are:
M=m+nx—-—m+n
A
Ay =(a+p)x—a+p.

=—1+x)(c+m)

This equilibrium is stable when:
m—n
m+n

x < (18)
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x> -1
a—p
p+a

19
(20)

x <

There are non-corner equilibria, but they only exist when certain
parameters are equal and are therefore non-generic. First, suppose M =
1. Then we have
% = PM(1 = PM)[p(1 +x) — a(l — x)] = 0.

The only solution here where PM # 0,1 requires p(1 + x) = a(l — x).
Now suppose N = 1. Then we have

’“;;IN = PN(1=PN) = [p(1 — x) — a(l + x)] = 0.
The only solution here where PN # 0,1 requires p(1 — x) = a(l + x).
Analogously, when P = 0 a non-corner equilibrium requires (1 + x)n =
(1 = x)m, and when A = 0 it requires n(1 — x) = m(1 + x).

If only PM = 0, then we have

% = (PN)(1 = N)[p(1 +x) + m(1 + )] =0,

which is impossible. Analogous arguments can be used to show that
there cannot be exactly one variable equal to 0 and all others nonzero
at equilibrium for the other three choices.

No nongeneric interior equilibrium exists (confirmed by numerical
simulation sweeping over parameter combinations). Demonstrating this
with algebra is at least very involved and may be intractable.

These stability conditions are essentially outcomes of duels between
competing contagions for the same sentiment. They are mostly deter-
mined by which rate of spread (p vs a or m vs n is bigger, modulated
by x).

A.3. Disease subsystem stability

Because we are only concerned with situations where p = 7 and
% are either 0 or 1, we can now finish our analysis of the disease
subsystem.

The Jacobian of the disease subsystem is

L [1=(1=zg)p] [1 = (1 = z/)g] — (vk +b)
rl[1=(=zg)p] [1 = (1 - z))q]

—rS [L=(1=zg)p| [1 = (1 - z,)q]
rS 1= =zg)p| [1 -1 =z))q] — (g +b).

When T =0, the eigenvalues are
Ay =—(k+b)<0
dy=—(@g+b)+rS[1 =1 -z9p| [1 -1 —z))].
Whenk=p=4=0,5=1, and
Ay=—(g+b)+r,

so this equilibrium is stable when R, < 1.
When k=0and p=g=1, S =1, and

Ay =—(g+b)+rzgzy,

So this equilibrium is stable when R, <

R ~ 252y
When k=1and p=§=0, 5= —, and
Hh=—(g+b)+r b
2 & v+b’
vt+b

So this equilibrium is stable when R, <
Whenk=1and p=4=1, 8= ﬁ and

b
A =—(g+b)+ s
5 (g+b) rzSz,U 5

So this equilibrium is stable when R, < %
1

As demonstrated by Van den Driessche and Watmough (2002) for
SIR systems with heterogeneous compartments (of with this system
is an example, where S, I, and R compartments are subdivided into
compartments with transitions between them), these R, conditions
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define the boundaries between stability of a DFE and an endemic
equilibrium, so the reverse conditions are where the DFE is unstable
and the corresponding endemic equilibrium is stable.

These stability conditions can be interpreted in the standard SIR
manner, by thinking of the transmissability of the disease being affected
by the disease parameters as well as masking and vaccination, all
summarized in a threshold for R.

The disease equilibria here are structurally identical to a standard
SIR model with vaccination, with the additional complication of mask-
wearing behavior. Where this model adds to existing models is the
ability to study how the spread of masking and vaccination behavior
affects the dynamics of a disease that would otherwise spread by
standard SIR dynamics.

A.4. Condition for no epidemic peaks

The condition for no epidemic peaks means that I has to mono-
tonically decrease, so % < 0 for all . In particular, with our initial
conditions, we have

dl
— ;=0 <0
dt |t—0
r[SN +zg(SM)] [IN + z;(IM)] < (g + BT

r[L+z &][z ! ]<( +b)L
1000 510001 1™ 1000 & 1000

[1+98z5] z; < 1000
Ry

This condition is approximately zgz; < 0.065 for large population size.
A.5. Sensitivity analysis

We performed a sensitivity analysis following Marino et al. (2008),
using Latin hypercube sampling to sample the parameter space (includ-
ing initial conditions, which are normalized to sum to 1) and evaluating
parameter effects using Partial Rank Correlation Coefficients (PRCC).
We used 10,000 sample parameter sets. Table 5 displays the PRCCs
for each parameter (with a dash if the result was not significant at
an a = 0.05 level, Bonferroni-corrected). In general, the directionality
of effect is roughly as expected, with pro-vaccine p and pro-mask
m transmission rates strongly positively correlated with P and M,
respectively, and their corresponding anti-sentiments a and n strongly
negatively correlated with P and M. Vaccination rate v is negatively
correlated with S, recovery rate g is strongly negatively correlated
with I, and disease transmission rate r is positively correlated with I
and negatively correlated with S (these are relevant in only a subset
of cases where bistability is possible). The only initial conditions that
are correlated with anything are the susceptible, antivaccine conditions
which are mildly positively correlated with .S. The parameters b, zg,
and z; were not significantly correlated with any output; this makes
sense for b because its effect is minimized due to the restriction of a
constant population size, and for zg and z; because they only modify
transmission rate, which is already only weakly correlated with output
variables.

The interaction parameter x has strong positive correlations with
any state that has the sentiment in the “same direction” (SAN, IPM,
IAN, and RPM) except for SPM and RAN (which was not tested as
it is not independent of the others). Regarding marginal variables, x
is positively correlated with I and negatively correlated with the two
pro-sentiments P and M.

Data availability
No empirical data were generated or analyzed for this study. Sim-

ulation code is available at https://github.com/rohansmehta/mask_
vaccine_interaction_code.
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Table 5
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Partial Rank Correlation Coefficients (PRCCs) for each model parameter against each model variable. Dashes indicate values that were not significant at a
Bonferroni-corrected a = 0.05 level. No correlations were significant for b, zg, z, or any initial value other than SAM,, and SAN,.

Parameter SPM SPN SAM SAN IPM IPN 1AM IAN RPM RPN RAM S I P M

x -0.07 - -0.33 0.27 0.20 —-0.04 —-0.08 0.12 0.34 -0.29 -0.28 - 0.08 -0.07 -0.07
P —-0.04 —-0.04 —-0.44 -0.52 0.17 0.27 -0.18 -0.16 0.27 0.47 -0.26 -0.59 -0.11 0.56 -0.05
m 0.14 -0.18 0.29 -0.21 0.19 -0.16 0.29 -0.13 0.29 -0.28 0.45 0.04 -0.04 —-0.04 0.59
v -0.19 -0.23 -0.11 -0.13 - 0.05 - - - 0.04 0.05 —-0.30 - - -

a -0.27 —-0.28 0.25 0.42 —-0.34 —-0.36 0.09 0.19 —-0.43 —-0.52 0.15 0.50 0.15 -0.57 -

n —-0.34 —-0.40 0.16 —-0.34 0.07 -0.39 0.14 —0.42 0.17 —-0.52 - 0.05 - -0.58
g - - - 0.07 -0.72 -0.72 -0.73 -0.85 - 0.04 - 0.13 -0.97 - -

r - - - —-0.05 - - 0.05 0.05 - - - —-0.09 0.09 - -
SAM, - - - - - - - - - - - 0.06 - - -
SAN, - - - - - - - - - - - 0.06 - - -
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