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Abstract. Understanding the social determinants of preventive behav-
iour is crucial for epidemic modelling and policy design. We develop a
behavioural epidemic model of seasonal disease on multilayer networks
in which vaccination decisions combine experience-based learning with
coevolving social norms. The framework distinguishes descriptive norms
(what others do) from injunctive norms (what others believe ought to
be done) and incorporates cognitive dissonance, social projection, and
logical consistency. Simulations show that norm dynamics yield markedly
different vaccination and infection outcomes than payoff-driven learning
alone: injunctive norms exert stronger and more persistent effects than
descriptive norms, and interventions targeting injunctive expectations
are robust, whereas those acting on descriptive norms can be weaker
or counterproductive. Once empirically validated, norm-based models
can better capture human behaviour and inform strategies for collective-
action problems beyond pandemics.
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1 Introduction
Vaccine hesitancy is among the most serious global public-health threats, un-
derscored by COVID-19 [1] and the persistence of seasonal influenza. As a
collective-action problem, it often resists purely regulatory solutions, motivating
behavioural interventions that leverage social norms to promote cooperation and
limit free-riding [2].

Behavioural–epidemic models capture feedbacks between disease dynamics
and protective behaviour [3], while game-theoretic approaches model strate-
gic vaccination under bounded rationality [4]. However, social influence is typi-
cally reduced to imitation or payoff averaging, neglecting psychological mecha-
nisms—cognitive dissonance, social projection, and higher-order expectations—
that shape belief formation and revision [2, 5]. This motivates a distinction be-
tween descriptive norms (what others do) and injunctive norms (what others
believe should be done), whose alignment strongly enhances compliance and
cooperation [2].

Empirical evidence shows that pro-vaccination norms increase uptake across
diseases [6], and public-health strategies increasingly seek to exploit them [7].
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Yet most models incorporate only descriptive norms via social learning [8], while
injunctive norms—rooted in moral and reputational expectations—remain un-
derexplored [9]. Few models integrate both dimensions [10], although recent psy-
chologically grounded formulations provide a robust basis for doing so [5].

In contrast to imitation-based or static norm representations [4], we intro-
duce a framework that distinguishes personal norms, empirical expectations,
and normative expectations, linking their joint evolution to experience-weighted
learning. This enables multiple layers of social norms to coevolve endogenously
with epidemic risk, beyond standard payoff-based mechanisms. Building on cog-
nitively grounded agent-based models of norm dynamics [10] and supported by
experimental evidence on the superior effectiveness of injunctive-norm messag-
ing [11], we develop an ABM that integrates a behavioural epidemic model with
dynamic social norms [5] to study the coevolution of vaccination intentions and
norms across repeated seasonal outbreaks.

We first present the model—its decision process, Experience-Weighted At-
traction (EWA) learning [12], and norm dynamics—and then analyse how social
norms shape vaccination and infection outcomes, including stubborn adherence
and external interventions. Our contributions are fourfold: (i) coupling epidemic
and norm dynamics through adaptive learning weights [12, 13]; (ii) incorporating
cognitive dissonance, social projection, and logical consistency into norm evo-
lution [9, 5]; (iii) demonstrating that injunctive norms exert stronger long-term
effects on vaccination than descriptive norms, consistent with experimental evi-
dence [14, 11]; and (iv) modelling interventions that act directly on norms rather
than solely on information flows [15–17].

2 Model
During a pandemic, disease transmission and behavioural adaptation coevolve.
We model infection dynamics with a Susceptible–Infected–Recovered (SIR) pro-
cess on a physical contact network, while behavioural responses unfold on an
overlapping social layer.

Both layers are empirically motivated synthetic networks. The physical layer
follows a small-world topology [18] with mean degree 6 and rewiring probabil-
ity 0.1, while the social layer is a Klimek–Thurner network [19, 20] (parameters
c = 0.58, r = 0.12, m = 1), partially overlapping with the physical layer to reflect
shared contact and information links. Results are robust to alternative topolo-
gies, including Erdos–Renyi networks on both layers. The two-layer architecture
is shown in Fig. 1.

Each season, agents decide whether to vaccinate [21], one agent is initially
infected, and the system evolves across seasons until equilibrium. Within each
season, multiple SIR simulations are run using an event-driven algorithm [22]
(with µ = 1) to estimate infection probabilities. While social norms could in
principle evolve continuously, we focus on endogenous norm formation driven
by individual choices; accordingly, norms are updated only at the start of each
season, when vaccination decisions are made. The full algorithm and schematic
overview are provided in Fig. 1.
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Fig. 1: (a) Vaccination game on a two-layer network: a physical layer hosting a
seasonal SIR epidemic and a social layer governing vaccination decisions using
information from both layers. (b) Schematic of the algorithm. Each season, SIR
dynamics run on the physical layer to estimate infection risk; agents then decide
whether to vaccinate based on payoff-based learning and normative factors, up-
date their norms, and proceed to the next season.

To model behavioural adaptation, we use a game-theoretic framework in
which vaccination payoffs depend on others’ choices. Decisions are shaped not
only by epidemiological risk but also by personal beliefs and social norms. Follow-
ing [5], each individual i is characterized by three state variables: (i) a personal
attitude yi, representing beliefs about appropriate behaviour; (ii) an empirical
expectation x̃i, capturing beliefs about others’ intentions; and (iii) a normative
expectation ỹi, reflecting beliefs about others’ attitudes.

2.1 The decision making process
We define the dynamics of an agent’s vaccination intention xi(t), i.e. the prob-
ability of choosing vaccination, which we assume to be driven by both material
and normative considerations. Empirical evidence suggests that communities
under risk rely more on experience and descriptive norms than on moral beliefs
or injunctive norms [13]. In the absence of precise data on how perceived risk
shapes this balance, we assume a simple linear relation between risk and the
weight placed on empirical factors, following standard practice in norm–utility
models [16]. Therefore we split the contribution to the intention xi (t+ 1) update
as follows:

xi (t+ 1) = (1− Si (t))x
empirical
i (t) + Si (t)x

injunctive
i (t) (1)

which depends on the safety parameter Si (t) that quantifies the safety an agent
feels and takes values 0 < Si (t) < 1. The safety is assumed to be given by the
following formula

Si(t) =

{
1− Îi(t), if agent is unvaccinated,

1− Îi,neighbors(t), if agent is vaccinated.
(2)

where Îi (t) =
ninf
sim(t)

nsim
with nsim the total number of outbreak simulations and

ninf
sim (t) the number of outbreak simulations when i got infected in the previous
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cycle, and Îi,neighbors (t) =
ninf,neigh
sim (t)

nsim
with ninf,neigh

sim (t) the sum of the average
number of infected neighbors over all simulation runs.

We define the contribution from what is or what agents think is actually
happening, i.e. the empirical contribution to the intention, as

xempirical
i (t) = (1− ϕi (t)) p

learn
i (t) + ϕi (t) x̃i (t) (3)

where we see contributions from the agent’s learning of material payoffs plearni (t)
(see next subsection, 0 ≤ plearni (t) ≤ 1) and what the agent thinks that the rest
of the community actually chose on average x̃i (t) (empirical expectations, 0 ≤
x̃i (t) ≤ 1). Their relative weight depends on ϕi (t), which determines whether
decisions rely more on personal experience or on social information

ϕi (t) =

√
ϕchange
i (t)ϕconsensus

i (t). (4)

ϕchange
i (t) is the change-detector function and is defined as in [12]. ϕconsensus

i (t) ∈
[0, 1] is the consensus function given by

ϕconsensus
i (t) = |2 ∗Xi − 1| (5)

where Xi is the average fraction of neighbors vaccinated as observed by the focal
individual, and hence ϕconsensus

i (t) is equal to 1 when neighbors agree and 0 if
only half are vaccinated.

Intuitively, ϕchange,i measures how volatile neighbours’ behaviour has been
compared to the recent past, whereas ϕconsensus

i (t), captures the degree of agree-
ment among them. Using the geometric mean ensures that social information
becomes influential only when both conditions are met—behaviour is stable and
neighbours largely agree—whereas in noisy or polarized environments agents fall
back on their own experience and attitudes.

The contribution from the belief dependent part of the agents, which is the
mechanism activated when the agent is not at risk takes the following form

xinjunctive
i (t) = (1− ϕi (t)) yi (t) + ϕi (t) ỹi (t) (6)

where again the idea is to split the contributions between the effect of own
beliefs and the beliefs of others using ϕi(t). We assume 0 < yi(t), ỹi(t) < 1.
The dynamics of the norm variables yi(t) and ỹi(t) are defined in the following
subsections. A schematic of the contributions to total intention is shown in Fig. 2.

We adopt a minimal mechanism to model reliance on personal versus col-
lective information. When individuals perceive instability or low consensus in
neighbours’ behaviour, they rely more on personal judgment, drawing on expe-
rience or internalized norms. This abstraction omits additional influences—such
as trust in neighbours’ decision-making under changing epidemiological condi-
tions—which could depend on disease severity and would substantially increase
model complexity.

Our approach builds on social and behavioural theories of adaptation [23] and
the Continuous Opinions and Discrete Actions (CODA) framework [24], link-
ing observed behaviour to evolving attitudes. It aligns with social-psychological
models that emphasize cognitive rules over strict rationality in decision-making,
and parallels recent applications in [16]. In contrast to earlier models treating
attitudes as static, our framework captures feedback between attitudes and be-
haviour, enabling more realistic adoption dynamics and policy responses.
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Fig. 2: Decision-making process and social norm dynamics. a.:
Schematic of the decision-making process. Vaccination intention combines
learning (1), personal norms (3), and social norms (2) and (4), each weighted by
its relative influence. Agents rely more on empirical factors when they feel unsafe
(low Si(t)) or when their environment is unstable and heterogeneous, and more
on normative factors under stable conditions. b.: Schematic of social-norm
dynamics. Each agent updates norms based on external cues (with probability
γi), personal beliefs, and peers’ actions. In unstable and highly divided environ-
ments, agents rely more on internal factors than on social conformity.

2.2 The experience dependent mechanism

Human behaviour combines model-free and model-based reinforcement learning
[12], integrating past experience with forward-looking reasoning. The Experience-
Weighted Attraction (EWA) model captures both, unifying reinforcement and
belief learning by weighting realized and forgone payoffs equally [10]. Forgone
payoffs are inferred from neighbours’ average infection rates, since individuals
lack direct access to others’ outcomes [25]. Agents evaluate payoffs over the last
m cycles with a safety-dependent memory decay. EWA captures how individuals
integrate past experience with expectations about others. This empirically val-
idated approach [10] provides a cognitively grounded basis for modelling social
adaptation and norm compliance.

The payoffs are therefore estimated as following:

ΠUnvac
i (t) =

{
1− cI Îi,neighbors (t) if vaccinaed

1− cI Îi (t) if not vaccinated

ΠV ac
i (t) = 1− cV

(7)

and based on this, the materially-motivated intention of the agent i at time t
to vaccinate or not, is assumed to be given by the commonly employed Quantal
Response Equilibrium (QRE) for binary choices, which is simply given by the
logistic (softmax) function

plearni (t) =
1

1 + e−
πUnvac
i

(t)−πV ac
i

(t)

κ

(8)
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Here πV ac
i (t) is the average payoff for the vaccinating option over the last m

rounds, while πUnvac
i (t) is the average payoff received for not vaccinating over

the last m rounds πUnvac
i (t), given by

πUnvac
i (t) =

∑m
j=0

(Si(t))
j∑m

n=0(Si(t))
nΠUnvac

i (t− j) (9)

where the safety parameter Si (t) defined above plays the role of a memory
decaying function.

2.3 Social norm dynamics
To incorporate social norm dynamics into the EWA framework, we separate
material payoffs from normative factors. Experimental evidence indicates that
individuals represent others’ beliefs and preferences independently of their own
[14]. Accordingly, we model personal attitudes yi, empirical expectations x̃i, and
normative expectations ỹi as distinct state variables, rather than reducing social
influence to imitation, following [5].

Norm dynamics follow a DeGroot-type update driven by three psychological
mechanisms: cognitive dissonance, aligning actions and self-beliefs; social projec-
tion, whereby individuals assume others are similar to themselves ; and logical
consistency, reducing discrepancies between beliefs about others’ actions and
attitudes as in [5]. Attitudes and expectations thus adapt toward neighbours’
average behaviour Xi [5] or externally promoted standards Gℓ

i .
Rewriting the equations in [5], we obtain

y′i = yi + ξ1i

[
Ĉ11

i xi + Ĉ12
i Xi + Ĉ13

i G1
i − yi

]
ỹ′i = ỹi + ξ2i

[
Ĉ21

i yi + Ĉ22
i Xi + Ĉ23

i G2
i − ỹi

]
x̃′
i = x̃i + ξ3i

[
Ĉ31

i ỹi + Ĉ32
i Xi + Ĉ33

i G3
i − x̃i

] (10)

where ξℓi =
∑

j C
ℓj
i denotes the update rate of variable ℓ (ℓ = 1 for yi, ℓ = 2

for ỹi, ℓ = 3 for x̃i), and Ĉℓj
i = Cℓj

i /
∑

k C
ℓk
i with

∑
j Ĉ

ℓj
i = 1. For simplicity,

we set ξ1i = ξ2i = ξ3i = 1. Results are robust across a wide parameter range,
including hierarchies ξ1i < ξ2i < ξ3i , reflecting the intuition that personal norms
adapt more slowly than empirical expectations. Future extensions could allow
state-dependent ξℓi , potentially generating qualitative transitions as in [26].

In this formulation, the coefficients Ĉℓj
i determine how each variable con-

tributes to the evolution of the ℓth state. In particular, Ĉℓ1
i and Ĉℓ2

i represent
self- and peer-weights: Ĉℓ1

i measures attraction toward the agent’s own state,
while Ĉℓ2

i = 1− Ĉℓ1
i captures neighbour influence. When present, Ĉℓ3

i quantifies
sensitivity to externally promoted targets Gℓ

i . In the baseline analysis we set
Ĉℓ3

i = 0, so norm evolution arises endogenously, and introduce Ĉℓ3
i > 0 only

when studying external interventions.
We assume Cℓ1

i = 1 − ϕi(t), C
ℓ2
i = ϕi(t), linking norm-updating weights

to epidemic-driven change detection rather than fixing them exogenously. The
function ϕi(t) combines change-detection ϕchange

i (t) and consensus ϕconsensus
i (t)

terms, such that agents rely more on internal anchors under unstable conditions
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and more on peers when social signals are stable. This captures the idea that
norm updating accelerates under clear consensus and slows under noise (Fig. 2B).

3 Results
For each season, we run 1000 simulations of a Susceptible–Infected–Recovered
(SIR) process on networks of size N = 500, using an event-driven algorithm [22],
with an independent network realization for each run.

We set the bounded-rationality parameter to κ = 0.1, corresponding to a
quantal-response precision λ = 1/κ = 10. In quantal response theory (QRT),
λ governs choice sensitivity, with higher values yielding more deterministic be-
haviour. The range λ ∈ [1, 10] matches laboratory coordination and learning
experiments [12], where higher-utility actions are chosen with 80–90% probabil-
ity, making κ = 0.1 a realistic intermediate level of stochasticity commonly used
in behavioural–epidemic models.

Vaccination and infection costs are set to cV = 1 and cI = 0.1, respectively,
following standard assumptions in game-theoretic and norm-based vaccination
models [9, 5] that infection is roughly an order of magnitude more costly than
vaccination. Although not empirically calibrated, this ratio reproduces realistic
voluntary vaccination levels observed in behavioural experiments [11] and reflects
the widely held perception that infection entails substantially greater health and
economic losses.

Unless otherwise stated, memory length is m = 4 and β = 6; results are
qualitatively robust across wide parameter ranges. All figures report medians
with lower and upper quartiles. Initial values of all three norm variables are

a b c

Fig. 3: Role of memory and social norms in epidemic outcomes. a. In-
fected fraction versus infectivity rate β. Infection increases with β and saturates
at high values, while longer memory reduces outbreak size. For fixed m = 4,
adding social norm dynamics further lowers infections. b. Vaccination coverage
versus β. Coverage stabilizes near 0.5 for large β due to panic effects, but with
norms, even small β sustain ∼ 20% coverage as heterogeneous initial norms per-
sist. c. Mean values of y, ỹ, x̃, and x. All converge in the long run, indicating
alignment between norms and vaccination intention.

drawn independently from a uniform distribution. In all cases, simulations are
run for sufficiently many seasons to ensure convergence to evolutionary equilib-
rium, defined as a change in vaccination coverage of less than 0.025 over the final
50 seasons, with a maximum horizon of 200 seasons. All figures report median
outcomes with lower and upper quartiles.
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The role of social norms We first examine memory effects on epidemic out-
comes in the absence of social norms. Figure 3a shows that the infected fraction
increases with infectivity β, remaining near zero for small β and saturating at
high values, while longer memory reduces outbreak size by conditioning vacci-
nation decisions on a richer payoff history. Figure 3b shows the corresponding
vaccination coverage: for small β, coverage remains close to zero, whereas for
large β it rises toward 0.5 due to panic-driven behaviour. Increasing memory
further boosts coverage nonlinearly, reflecting network effects and the reduction
of the safety factor Si(t) at higher β, which amplifies the influence of recent
outcomes. Introducing social norm dynamics substantially alters infection levels
and vaccination coverage. Norms sustain a non-trivial baseline vaccination rate
(≈ 20%) even at low β, reflecting persistent heterogeneity in initial attitudes.
Figure 3c shows that the three norm variables converge at equilibrium and align
with vaccination intentions.
The role of external factors We study the role of an external factor affecting
the evolution of social norms, assuming that the external effect can be present
independently of the epidemiological state of the community. This is introduced
by setting Ĉl3

i = γl
i where 0 ≤ γl

i ≤ 1 for l ∈ {1, 2, 3} is the strength of the ex-

ternal factor signal, and Gl
i is the target value for the norms. C̃lj

i =
(
1− γl

i

)
Ĉlj

i ,

where Ĉl1
i and Ĉl2

i = 1 − Ĉl1
i as before. Note that the condition that the co-

efficients of the variables sum up to 1 is still satisfied such that these can be
still interpreted as relative contributions. In our studies, we assume the same
strength γl

i and target Gl
i for all agents, i.e. γl

i = γl and Gl
i = Gl ∀i ∈ {1, ..., N}.

a b

Fig. 4: Role of external factors on social norms. a. Infected fraction versus
infectivity rate β when an external factor influences yi, ỹi, or x̃i. The factor
reduces perceived disease severity, driving norms toward Gi = 0.6, below the
equilibrium value 0.7 in Fig. 3. It increases infections when applied to yi or ỹi,
but has negligible effect on x̃i. b. Vaccination coverage versus β for the same
cases. Parameters: γi = 1.0, Gi = 0.6.

Figures 4 and 5 examine how external influences on social norms affect epi-
demic outcomes. Figure 4 shows that when an external factor downplays disease
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severity by shifting norms toward a lower target (G = 0.6), outbreaks increase
if the intervention acts on personal norms or injunctive expectations, whereas
interventions on empirical expectations have negligible effects.

Figure 5 reveals richer dynamics. Panel a shows that outbreak size depends
jointly on the targeted norm, intervention strength γ, and target value G. Driv-
ing personal norms or injunctive expectations toward lower values consistently
increases outbreaks, while interventions on empirical expectations can induce
resistance: for intermediate targets (G ≈ 0.6–0.7), infection levels fall below the
no-intervention baseline, indicating resilience to external influence. Panel b high-
lights these nonlinearities further. For targets near G ≈ 0.7, outbreaks can shrink
under both injunctive and empirical expectation interventions, with empirical
expectations providing the strongest buffering effect, whereas for low targets
(G < 0.6) outbreaks increase as expected. For intermediate values (G ≈ 0.4–
0.6), interventions on personal or injunctive norms remain more effective, while
for sufficiently low G targeting empirical expectations may dominate.

a b

Fig. 5: Role of external strength γ and target value G. (a) Outbreak size
as a function of coupling strength γ when the external factor acts on personal
attitudes yi, normative expectations ỹi, or empirical expectations x̃i, for targets
G = 0.6 (lower perceived severity) and G = 0.8 (higher). The red dashed hori-
zontal line denotes the baseline infection level without intervention. Driving yi
or ỹi toward G = 0.6 increases infections, whereas applying the same force to x̃i

has little effect. For G = 0.8, outbreaks decrease in all cases, with the strongest
reduction when targeting ỹi and the weakest when targeting x̃i. (b) Outbreak
size as a function of G for γ = 0.5 and γ = 1. The red dashed horizontal line
marks the baseline infection level, and the vertical line indicates the correspond-
ing vaccination level. For large G (nudging toward vaccination), interventions
on moral-related norms (yi or ỹi) are highly effective, driving infections toward
zero, whereas interventions on x̃i remain substantially less effective. For small G,
outbreaks increase. Notably, for intermediate values G ≈ 0.6–0.7, interventions
on x̃i can buffer external influence (e.g., γ = 0.5, black dashed line), yielding
outbreak sizes below the no-intervention baseline.

Policy relevance Distinguishing injunctive from descriptive norm interven-
tions is essential for effective public-health messaging. Injunctive messages con-
vey socially or morally expected behaviour (e.g., appeals from trusted authori-
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ties), whereas descriptive messages report prevailing behaviour (e.g., vaccination
rates). Our simulations show that descriptive messages can backfire when they
highlight uptake below the counterfactual baseline (e.g., G = 0.6, γ = 1 for
baseline uptake 0.7), inadvertently signalling that non-vaccination is common
and reducing coverage.

Consistent with empirical evidence [13, 14], interventions targeting perceived
approval and moral norms have stronger effects on vaccination intentions, partic-
ularly under uncertainty about others’ behaviour. Our model formalizes how such
cues, combined with probabilistic decision-making and social learning, shape col-
lective outcomes. In contrast to multilayer approaches emphasizing structural
information–disease feedbacks [3], we focus on behavioural feedbacks driven by
evolving normative expectations and adaptive learning, revealing a clear asym-
metry: interventions on injunctive norms propagate system-wide, whereas those
targeting empirical expectations can induce resilience or neutralize attempts to
downplay risk, in line with experimental [14] and theoretical evidence [27].

The simulations highlight three general principles of norm–epidemic coevo-
lution: (i) even simple norm dynamics can suppress outbreaks by sustaining vac-
cination at low infectivity and reducing behavioural volatility beyond imitation
or reinforcement alone [4]; (ii) norm components are asymmetric, with interven-
tions on normative expectations exerting stronger collective effects than those
on empirical expectations, consistent with the coordinating role of perceived ap-
proval [11, 14] for sufficiently high target values G; and (iii) norm interventions
can generate nonlinear and counterintuitive effects [1, 13]. Overall, these results
show how the structure of norm dynamics shapes epidemic and behavioural
outcomes, complementing earlier analyses of awareness–disease coupling in mul-
tilayer networks [3].

4 Discussion
Most epidemic–behavior models rely on imitation or payoff-based reinforcement,
overlooking how attitudes, expectations, and social pressures shape preventive
decisions. We address this gap with a behavioral epidemic model that couples
disease spread with Experience-Weighted Attraction (EWA) learning [12], inte-
grating reinforcement and belief learning via realized and forgone payoffs. The
framework embeds social norm dynamics distinguishing descriptive and injunc-
tive norms [2, 5], and incorporates cognitive dissonance, social projection, and
consistency mechanisms governing alignment with peers and authorities.

We show that coevolving norms strongly affect outbreak size and vaccina-
tion coverage. Interventions targeting personal norms or injunctive expectations
have robust effects, whereas those acting on descriptive norms are weaker or
can be counterproductive. These results align with experimental evidence: in
the “transmission game,” injunctive-norm messages reduced risk-taking more ef-
fectively than descriptive information or case counts [11]. This correspondence
suggests a route for empirical calibration via longitudinal experiments or panel
surveys tracking the joint evolution of personal norms, empirical expectations,
and perceived approval under repeated interventions [1], and may help explain
the asymmetric recovery of social norms reported by Vriens et al. [26].
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The model is intentionally stylized and explanatory rather than predictive,
isolating core mechanisms underlying the coevolution of epidemic risk and social
norms. Assumptions of homogeneous agents, fixed social networks, and stable
information environments enable controlled analysis but abstract from media
and institutional feedbacks. Complementary work incorporating regret and un-
certainty [28] explores additional emotional and informational channels. Future
extensions could introduce agent heterogeneity, adaptive or multilayer networks
[3, 20], and empirical calibration using experimental or survey data.

More broadly, empirically grounded norm-based models can inform commu-
nication strategies and interventions across collective-action domains, including
vaccination, misinformation, and environmental cooperation [6, 7]. Further ex-
tensions could incorporate homophily in intentions or vaccination status, as well
as peer sanctions and rewards in norm evolution.
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