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ABSTRACT
Understanding the social determinants of preventive behavior is
vital for epidemic modeling and effective policy making. Tradi-
tional models emphasize imitation or rational trade-offs, but recent
evidence highlights the role of social norms. We develop a behav-
ioral epidemic model of seasonal disease on multilayer networks,
where vaccination decisions combine Experience Weighted Attrac-
tor (EWA) learning with evolving social norms. The framework
distinguishes descriptive norms (what others do) from injunctive
norms (what others think ought to be done), while incorporating
cognitive dissonance, social projection, and memory. Simulations
show that norm dynamics yield markedly different vaccination
uptake and infection levels compared to payoff-driven learning.
Injunctive norms exert stronger and more persistent effects than
descriptive norms, sustaining vaccination even at low prevalence.
Interventions targeting injunctive expectations improve outcomes,
while those on descriptive norms may be weaker or counterpro-
ductive. Norm-based models, once empirically validated, can better
capture human behavior and guide strategies for collective action
problems beyond pandemics.
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1 INTRODUCTION
In 2019 the World Health Organization identified vaccine hesi-
tancy as a major global health threat [84], a concern intensified
by COVID-19 [79] and recent influenza outbreaks. Like combating
misinformation or climate change, vaccination is a collective-action
problem under uncertainty. Formal rules can help, but are often
too slow, costly, or unenforceable at scale [80]. This has shifted at-
tention to behavior-changing, participatory approaches—especially
social norms—as rapidly adaptive tools to overcome free-riding
[53, 58].

Coupled disease–behavior models on multilayer networks cap-
ture feedbacks between transmission and protective actions [81, 82].
Early studies examined co-spreading of epidemics and awareness
[33, 34]; later work added information valence [36, 83], opinion
dynamics [15], and local risk-driven vaccination on coevolving net-
works [57].While powerful in modelling the spreadingmechanisms,
such models are less suited when it comes to designing behavior-
targeted interventions because they omit the internal psychological
processes behind preventive choices.

Game-theoretic approaches address strategic responses—vaccine
uptake, distancing, bounded rationality—under changing preva-
lence [5, 64], including cognitive biases [77] and social imitation [51,
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70]. These frameworks explain phenomena like free-riding [6] but
typically operationalize “social influence” narrowly (e.g., imitation),
underrepresenting social-psychological mechanisms—cognitive dis-
sonance, social projection, and second-order expectations—that
shape adherence to peers and authorities. Cognitive dissonance
can shift both behavior and attitudes [23]; people infer others’ in-
tentions via theory of mind [2] and project from self to others
[45]. Realistic decision models should therefore track beliefs about
peers’ actions and expectations [7, 14, 75]. We follow the standard
distinction between descriptive norms (what others do) and injunc-
tive norms (what others think ought to be done) [14]. It is known
that their alignment enhances effectiveness of vaccination uptake
nudges [7, 56].

Evidence links pro-vaccination norms to intentions and uptake
across multiple diseases—influenza [25, 32, 54, 59], HPV [17], and
COVID-19 [1, 35, 52, 71]—and public-health guidance increasingly
recommends norm-based strategies [9, 69]. In modeling work, de-
scriptive norms often appear as social learning [4, 19], whereas
injunctive norms—rooted in normative expectations—have seen
limited treatment due to modeling challenges [3, 48, 55]. Mem-
ory effects matter in decision models [18] as well, but are rarely
combined with norm dynamics; exceptions exist [63], though re-
cent psychologically grounded formulations offer more realistic
microfoundations [27].

A growing literature develops cognitively plausible, empirically
calibrated Agent-Based Models (ABM) to study norm emergence,
downward causation/ “immergence,” and long-run intervention
effects [8, 11, 12, 47, 62, 74, 88]. In a recent study [85], Woike et al.
showed with their ‘transmission game’ that interventions commu-
nicating injunctive social norms substantially reduced risk-taking,
while descriptive norm information and case counts were inef-
fective or even counterproductive. Building on this literature, we
construct an ABM that couples a behavioral epidemic model with
realistic social-norm dynamics [27], in the spirit of [62], to study
vaccination intention and uptake across seasonal outbreaks.

We first present the model—decision process, EWA learning, and
norm dynamics—then analyze how norm dynamics shape infection
rates and vaccination coverage, including scenarios with stubborn
adherence and external interventions. The framework is amenable
to lab validation [13]. Our contributions are:

(1) Co-evolving disease–norm couplingwith state-dependent weights:
Following [39], we let the weights on learning, personal
norms, and descriptive/injunctive norms adapt to perceived
safety and local stability, rather than remain fixed [82]. We
link empirical vs. normative emphasis to risk and neighbor
stability [31, 38], and extend these dependencies to norm-
update rates as suggested in [30], potentially explaining
asymmetric norm shifts [78].

(2) Psychologically grounded norm dynamics in a behavioral epi-
demic model: We jointly model descriptive and injunctive
norm dynamics via cognitive dissonance, social projection,



and logical consistency constraints, focusing on internal de-
cision mechanisms rather than parallel information/opinion
diffusion [21, 33]. Norm–risk coevolution alters long-run out-
break size and calls for experimental tests vis-à-vis designs
with exogenous risk [73].

(3) Relative importance of norm types over repeated decisions:
With seasonal repetition and learning, injunctive norms
have a stronger long-run impact on outbreak reduction than
descriptive norms, aligning with evidence that normative
expectations can more powerfully drive cooperation [73],
and qualifying results observed under one-shot/high-risk
settings [31, 38].

(4) External influence via nudging on norms: In line with [29, 76],
wemodel interventions that act on personal and social norms
rather than information flows [81, 82], with implications for
related domains like misinformation [50].

2 MODEL
During a pandemic, two distinct dynamics are taking place, the
epidemic spreading and the related human behavioral response,
which are inherently coupled. A common approach to studying
the spread of a disease is as a dynamical system on a network of
individuals, the network of physical contacts. For the spreading
process, the simple Susceptible-Infected-Recovered (SIR) model is
often assumed, which is the one we adopt as well, and will be
described in the next paragraph. The behavioral change dynamics
are also usually described as a dynamical system on a network,
termed the social interactions network. In this work, while we have
not undertaken a detailed study of the role of the network structure
on the dynamics, we considered realistic synthetic networks as you
can see in Fig. 1. For the physical layer we assumed a small world
topology, motivated by the work in [67] and we assumed a mean
degree of 6 and rewiring probability of 0.3. For the social layer we
assumed the network to be a Klimek-Thurner network, motivated
by [44], where we assumed the same parameter values considered
in this work. We modified the social layer’s network such that it
would have a significant overlap with the small-world network in
the physical layer, to model the fact that many physical contacts
correspond also to information exchange. We also examined other
topologies, such as that of Erdos-Renyi random networks, without
changing significantly the results obtained.

We assume that at the beginning of each season individuals de-
cide whether to vaccinate or not. One individual is initially infected.
We let the setup run for a number of seasons until we observe
the system to reach equilibrium. For each season, we run several
simulations of the SIR model, using the event-driven algorithm in
[43, 51], in order to obtain the relevant probabilities of infection for
each agent. The SIR model is the canonical model of diseases that
makes people immune upon recovery. Parameter 𝛽 represents the
transmission rate, while 𝜇 is the recovery rate. The latter only sets
the time scale of the outbreak, and since we are only interested in
the final infected fraction, we set 𝜇 = 1 w.l.g.

To study the behavioral change dynamics we employ a game the-
oretical model, given that the vaccination strategy of each individual
as well as the corresponding payoffs depend on other individuals
decisions. What is more, the decision of getting vaccinated is usu-
ally based not only on the awareness of the transmission severity

Figure 1: Dynamics of the vaccination game on a two-layer
network. In the first layer, the “physical” layer, the sea-
sonal epidemic spreads. These dynamics are governed by a
Susceptible-Infected-Recovered (SIR) compartmental model.
In the second layer, the ”vaccination” layer, the agents re-
ceive information from the first layer, as well as from their
own layer and they decide whether to vaccinate or not. We
assume a small world network degree distribution for the
physical layer and a Klimek-Thurner degree distribution for
the network of social interactions, which according to the
experimental literature are both realistic synthetic networks
for the corresponding processes. We consider that the layer
of social interactions includes a significant part of the links
in the physical layer indicating that many of the physical
contacts are also channels of information.

of an epidemic alone, but also on personal beliefs and opinions,
that sometimes can be affected by others, the social norms. In the
decision-making model that we develop here, we take into account
the role of the social norms, and we model their dynamics following
the work in [27]. In this work, each individual 𝑖 is characterized
by i) an attitude 𝑦𝑖 which gives his personal belief about the most
appropriate intention in a given social situation, ii) a belief (an
expectation) 𝑥𝑖 about the average intentions of peers (empirical ex-
pectations), iii) as well as a second order belief 𝑦𝑖 about the average
attitude of their peers (normative expectations).

As was previously stated, the focus of this work is on seasonal
diseases. After running several times the SIR dynamics on the phys-
ical network, as explained above, we are in a position to obtain
descriptive statistics about the epidemiological state of each agent
at the end of each season. Then combining this information with
the social norms of the agent, the decision making part regarding
the vaccination question takes place for the next season. While, if
we were aiming to study the role of the dynamics of social norms
in the predictive capacities of a model, social norms should be con-
tinuously updated in order to capture exogenous events that could
alter social norms throughout the year, here our goal is simply to
model the effect that the decisions of others have on the updating
of the state of the social norms, hence this update is assumed to
take place only when decisions are made, i.e. at the beginning of
each season. A schematic diagram of the algorithm described in
this section is shown in Fig. 2.



Figure 2: Schematic of the algorithm describing the dynam-
ics of the model. We first run the dynamics several times on
the physical layer over a whole infection season. This gives
information regarding the probability of being infected dur-
ing each season. After the end of the season and before the
beginning of the next one the agents make a decision regard-
ing vaccination based on the information received from the
previous season, by taking into account bothmaterial consid-
erations (learning) and normative considerations. Then they
also update the norms that they will use at the end of the
season based on the decisions taken. Then the next season
begins.

The decision making process
Here, we define the dynamics for the total intention 𝑥𝑖 (𝑡) of an
agent to vaccinate, which should take into account both material
considerations as well as norm considerations. 𝑥𝑖 (𝑡) corresponds
to the probability with which an agent selects to be vaccinated. In
[31, 38], the authors noted that, communities under risk, tend to
base their decision more on what is (experience) or what they think
is actually happening (descriptive norms) rather than considering
the role of their beliefs and the beliefs of others (injunctive norms).
In the lack of experimental evidence on how this weighting between
empirical and morally based considerations might depend on the
risk factors, we assume a simple linear relation between the risk
perceived and the weight assigned on empirical factors, a usual
assumption in norm-utility modelling [76]. Therefore we split the
contribution to the intention 𝑥𝑖 (𝑡 + 1) update as follows:

𝑥𝑖 (𝑡 + 1) = (1 − 𝑆𝑖 (𝑡 ) ) 𝑥𝑒𝑚𝑝𝑖𝑟𝑖𝑐𝑎𝑙

𝑖
(𝑡 ) + 𝑆𝑖 (𝑡 ) 𝑥𝑖𝑛𝑗𝑢𝑛𝑐𝑡𝑖𝑣𝑒

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 ) 𝑖 𝑓 𝑎𝑔𝑒𝑛𝑡 𝑢𝑛𝑣𝑎𝑐𝑐𝑖𝑛𝑎𝑡𝑒𝑑

1 − 𝐼̂𝑖,𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠 (𝑡 ) 𝑖 𝑓 𝑎𝑔𝑒𝑛𝑡 𝑣𝑎𝑐𝑐𝑖𝑛𝑎𝑡𝑒𝑑
(2)

where 𝐼̂𝑖 (𝑡) =
𝑛
𝑖𝑛𝑓

𝑠𝑖𝑚
(𝑡 )

𝑛𝑠𝑖𝑚
with 𝑛𝑠𝑖𝑚 the total number of outbreak simu-

lations and 𝑛𝑖𝑛𝑓
𝑠𝑖𝑚

(𝑡) the number of outbreak simulations when 𝑖 got

infected in the previous cycle, and 𝐼̂𝑖,𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠 (𝑡) =
𝑛
𝑖𝑛𝑓 ,𝑛𝑒𝑖𝑔ℎ

𝑠𝑖𝑚
(𝑡 )

𝑛𝑠𝑖𝑚
with

𝑛
𝑖𝑛𝑓 ,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

𝑥
𝑒𝑚𝑝𝑖𝑟𝑖𝑐𝑎𝑙

𝑖
(𝑡 ) = (1 − 𝜙𝑖 (𝑡 ) ) 𝑝𝑙𝑒𝑎𝑟𝑛𝑖 (𝑡 ) + 𝜙𝑖 (𝑡 ) 𝑥𝑖 (𝑡 ) (3)

where we see contributions from the agent’s learning of material
payoffs 𝑝𝑙𝑒𝑎𝑟𝑛𝑖 (𝑡) and what the agent thinks that the rest of the com-
munity actually chose on average 𝑥𝑖 (𝑡) (empirical expectations),
the dynamics of which are defined in the next subsections. We as-
sume 0 < 𝑥𝑖 (𝑡) < 1. We weigh these two contributions considering
whether the agent will base his decision on his own information or
on information obtained from his neighbors, and this is determined
by 𝜙𝑖 (𝑡)

𝜙𝑖 (𝑡 ) =
√︃
𝜙
𝑐ℎ𝑎𝑛𝑔𝑒

𝑖
(𝑡 ) 𝜙𝑐𝑜𝑛𝑠𝑒𝑛𝑠𝑢𝑠

𝑖
(𝑡 ) (4)

𝜙
𝑐ℎ𝑎𝑛𝑔𝑒

𝑖
(𝑡) is the change-detector function and is defined as in [39].

This function is related to the surprise function 𝑄𝑖 (𝑡) through
𝜙
𝑐ℎ𝑎𝑛𝑔𝑒

𝑖
(𝑡) = 1 − 1

2𝑄𝑖 (𝑡) where

𝑄𝑖 (𝑡 ) =
𝑚−1∑︁
𝑘=1

(
ℎ𝑘𝑖 (𝑡 ) − 𝑞𝑘𝑖 (𝑡 )

)
with

𝑞𝑘𝑖 (𝑡 ) = 𝐼

(
𝑠𝑘−𝑖 , 𝑠−𝑖 (𝑡 )

)
where 𝐼 (·) symbolizes the indicator function and 𝑠𝑘−𝑖 is a vector
of dimensions of the number of neighbors of agent 𝑖 whose each
entry contains a unit vector with 0 for all entries except for strategy
𝑘 . 𝑠−𝑖 (𝑡) is a vector of dimensions of the number of neighbors of
agent i, containing the actual choices at time t of the neighbors.
Hence 𝑞𝑘𝑖 (𝑡) is a vector of dimensions of the number of neighbors
of agent 𝑖 , with 1s for all neighbors who had chosen strategy k at
time t. On the other hand,

ℎ𝑘𝑖 (𝑡 ) =
∑𝑡

𝜏=𝑡−𝑚 𝐼
(
𝑠𝑘−𝑖 , 𝑠−𝑖 (𝜏 )

)
𝑚

which is a vector that records the historical frequencies of the
choices by other players, over a span of period of𝑚 steps, which
is the size of the memory of the agent. 𝜙𝑐𝑜𝑛𝑠𝑒𝑛𝑠𝑢𝑠

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

𝜙𝑐𝑜𝑛𝑠𝑒𝑛𝑠𝑢𝑠
𝑖 (𝑡 ) = |2 ∗𝑋𝑖 − 1 | (5)

where𝑋𝑖 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 half are vaccinated and the other half not.

The intuition behind 𝜙𝑖 (𝑡) is the following: when the surprise
function is high but the change-detector function is low—meaning
that the focal agent’s neighbors frequently switch their vaccination
choices—the agent should rely more on their own judgment rather
than on social cues, since the neighbors are not in a stable state,
possibly due to strong environmental fluctuations. Similarly if there
is great heterogeneity in the neighbors actions then the focal agent
should also resort to his own judgement. To capture this effect,
we use the geometric mean, which ensures that both stability and
consensus among neighbors must be present for their behavior to
be a reliable source of information.

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



𝑥
𝑖𝑛𝑗𝑢𝑛𝑐𝑡𝑖𝑣𝑒

𝑖
(𝑡 ) = (1 − 𝜙𝑖 (𝑡 ) ) 𝑦𝑖 (𝑡 ) + 𝜙𝑖 (𝑡 ) 𝑦𝑖 (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) , 𝑦𝑖 (𝑡) < 1. The dynamics of the norm variables, 𝑦𝑖 (𝑡)
and 𝑦𝑖 (𝑡) are also defined in the next subsections. A diagram with
the contributions to the total intention is shown in Fig. 3.

Figure 3: Schematic diagram of the decision making process.
The contributions to the final intention of vaccinating from
both the learning process and the social norms is summa-
rized with the relevant weight of each one of them. The main
assumptions that determine the contribution of each factor
are a) The more unsafe an agent feels (i.e. the lower 𝑆𝑖 (𝑡) is,
where 𝑆𝑖 (𝑡) depends on the probability of an agent getting
infected in the previous season), the more probable is that
he will base his decision on empirical factors, i.e. through
learning or through his empirical expectation, rather than
normative factors, such as his personal believes or his norma-
tive expectation. b) Themore heterogeneous and unstable his
environment is (i.e. the more the decisions of agents differ
among themselves and also differ in the immediate previous
round from their average choices in the few previous rounds),
the more probable is for an agent to base his decision on in-
dividual factors, such as learning (from his own experience)
and his personal believes, rather than resorting to what other
agents are doing.

We should note that here we consider one of the simplest mech-
anisms to model the decision of an individual to trust individual or
collective factors, namely the surprise dependent mechanism. In
this case, there is an implicit assumption that, whenever an indi-
vidual perceives that his neighbours are changing their behaviour,
then he trusts that he can individually make the correct decision in
this changing environment, by either learning from his personal ex-
perience, or trusting his personal norm. By considering this simple
surprise dependent mechanism however, we omit other potential
influences that could guide an agent’s decision to be more individ-
ualistic or more collectivistic, such as for example the trust that
he has on his neighbors’ abilities to make the correct decision in a
changing epidemiological situation. However this would depend
on a number of other factors, such as for example how deadly the
disease is and it would make the model more complicated.

Numerous social and behavioral science theories offer insights
into behavior and change [16]. Our approach, building on earlier
Continuous Opinions and Discrete Actions (CODA) models [49],
links individual actions to attitudes influenced by observed behav-
iors, aligned with social psychology [41], which prioritize psycho-
logical rules over perfect rationality in adoption decisions. This
perspective was also applied in [76]. Prior mathematical models of-
ten ignore the dynamic nature of attitudes, leading to inaccuracies
in adoption predictions and policy efficacy.

The experience dependent mechanism
Human social behavior is influenced by model-free and model-
based reinforcement learning [10], combining both past experi-
ences and future goals. These can both be captured by a learning
mechanism known as the Experience-Weighted-Attractor (EWA)
model, as long as certain conditions, stated in [26] are fullifilled.
EWA is a learning mechanism that encapsulates both reinforcement
learning [72] and belief learning [22], which is to say that actions
are reinforced based on both how well they actually performed, i.e.
based on their actual material payoffs, but also based on what their
potential outcomes could have been had they been chosen, i.e. their
forgone material payoffs. Here, we assume an equal weight for ac-
tual and forgone material payoffs. Agents estimate forgone material
payoffs based on the average number of infected neighbors, without
access to neighbors’ payoffs in agreement with experimental find-
ings [68]. We further incorporate memory and bounded rationality
into EWA. Agents evaluate average payoffs over the last𝑚 decision
cycles, with more recent outcomes weighted more heavily when
risk is high (safety-dependent memory decay). Finally, rationality
is modulated by perceived safety: in high-risk states, agents are
less able to discriminate between payoffs (captured by a sensitivity
parameter 𝜅).

The payoffs are therefore estimated as following:

Π𝑈𝑛𝑣𝑎𝑐
𝑖

(𝑡 ) =
{
1 − 𝑐𝐼 𝐼̂𝑖,𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠 (𝑡 ) 𝑖 𝑓 𝑣𝑎𝑐𝑐𝑖𝑛𝑎𝑒𝑑

1 − 𝑐𝐼 𝐼̂𝑖 (𝑡 ) 𝑖 𝑓 𝑛𝑜𝑡 𝑣𝑎𝑐𝑐𝑖𝑛𝑎𝑡𝑒𝑑

Π𝑉𝑎𝑐
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 )−𝜋𝑉𝑎𝑐
𝑖

(𝑡 )
𝜅

(8)

Here 𝜋𝑉𝑎𝑐
𝑖

(𝑡) is the average payoff for the vaccinating option over
the last𝑚 rounds, while 𝜋𝑈𝑛𝑣𝑎𝑐

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

𝑖 (𝑡), given by

𝜋𝑈𝑛𝑣𝑎𝑐
𝑖

(𝑡 ) =∑𝑚
𝑗=0

(𝑆𝑖 (𝑡 ) ) 𝑗∑𝑚
𝑛=0 (𝑆𝑖 (𝑡 ) )

𝑛 Π𝑈𝑛𝑣𝑎𝑐
𝑖

(𝑡 − 𝑗 ) (9)

where the safety parameter 𝑆𝑖 (𝑡) defined above plays the role of
a memory decaying function. The idea behind the use of the QRE
formula, is that when 𝑝𝑙𝑒𝑎𝑟𝑛𝑖 (𝑡) = 1

2 , this represents no prefer-
ence towards either vaccinating or not vaccinating. Then whenever



𝜋𝑈𝑛𝑣𝑎𝑐
𝑖 (𝑡) > 𝜋𝑉𝑎𝑐

𝑖
(𝑡) or 𝜋𝑈𝑛𝑣𝑎𝑐

𝑖 (𝑡) < 𝜋𝑉𝑎𝑐
𝑖

(𝑡) holds, the preference
should shift towards not vaccinating or vaccinating respectively.

Social norm dynamics
To integrate social norm dynamics into the EWA model, first of all,
we separate material payoffs from social norm dynamics. Experi-
ments show that people represent the preferences and beliefs of
others, i.e. their norm variables, separately from their own [37]. A
recent work directly measures these variables in behavioral experi-
ments [73]. In line with experimental evidence, we treat personal
attitudes, empirical expectations (beliefs about others’ actions), and
normative expectations (beliefs about others’ attitudes) as separate
state variables rather than collapsing them into a single “imitation”
process. We are interested in the dynamics of these variables:

𝑦′
𝑖 =𝑦𝑖+


𝐶11
𝑖 (𝑥𝑖 − 𝑦𝑖 )︸           ︷︷           ︸

𝑐𝑜𝑔𝑛𝑖𝑡𝑖𝑣𝑒 𝑑𝑖𝑠𝑠𝑜𝑛𝑎𝑛𝑐𝑒

+ 𝐶12
𝑖 (𝑋𝑖 − 𝑦𝑖 )︸           ︷︷           ︸

𝑐𝑜𝑛𝑓 𝑜𝑟𝑚𝑖𝑡𝑦 𝑤/𝑝𝑒𝑒𝑟𝑠

+ 𝐶13
𝑖

(
𝐺1
𝑖 − 𝑦𝑖

)︸           ︷︷           ︸
𝑐𝑜𝑛𝑓 𝑜𝑟𝑚𝑖𝑡𝑦 𝑤/𝑎𝑢𝑡ℎ.


𝑦′
𝑖 =𝑦𝑖+


𝐶21
𝑖 (𝑦𝑖 − 𝑦𝑖 )︸           ︷︷           ︸

𝑠𝑜𝑐𝑖𝑎𝑙 𝑝𝑟𝑜 𝑗𝑒𝑐𝑡𝑖𝑜𝑛

+ 𝐶22
𝑖 (𝑋𝑖 − 𝑦𝑖 )︸           ︷︷           ︸

𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑎𝑏𝑜𝑢𝑡 𝑜𝑡ℎ𝑒𝑟𝑠

+ 𝐶23
𝑖

(
𝐺2
𝑖 − 𝑦𝑖

)︸           ︷︷           ︸
𝑐𝑜𝑛𝑓 𝑜𝑟𝑚𝑖𝑡𝑦 𝑤/𝑎𝑢𝑡ℎ.


𝑥 ′
𝑖 =𝑥𝑖+


𝐶31
𝑖 (𝑦𝑖 − 𝑥𝑖 )︸           ︷︷           ︸

𝑙𝑜𝑔𝑖𝑐 𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠

+ 𝐶32
𝑖 (𝑋𝑖 − 𝑥𝑖 )︸           ︷︷           ︸

𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑎𝑏𝑜𝑢𝑡 𝑜𝑡ℎ𝑒𝑟𝑠

+ 𝐶33
𝑖

(
𝐺3
𝑖 − 𝑥𝑖

)︸           ︷︷           ︸
𝑐𝑜𝑛𝑓 𝑜𝑟𝑚𝑖𝑡𝑦 𝑤/𝑎𝑢𝑡ℎ.


(10)

where the prime signifies the next time step,𝑋𝑖 as above and𝐶𝑙 𝑗

𝑖
rep-

resents non-negative individual-specific constant coefficients. The
dynamics follow a de-Groot–type update rule where each variable
is pulled toward three psychological forces: cognitive dissonance,
social projection, and conformity. For example, attitudes shift not
only to align with personal intentions but also to justify past actions,
while expectations adjust both to peers’ behavior and to inferred
attitudes of others. Here the ‘cognitive dissonance’ term acts to
reduce the mismatch of the ego’s actions and their beliefs about
themselves. The ‘social projection’ term captures the ego’s belief
that others are probably similar to themselves [45]. The ‘logic con-
straints’ term reduces a mismatch between the ego’s beliefs about
actions and beliefs of others [24]. The ‘conformity w/ peers’ and
two ‘learning about others’ terms move the corresponding attitude
and beliefs closer to the observed average behavior 𝑋𝑖 among peers
[42]. The ‘conformity w/ authority’ terms move the corresponding
attitudes and beliefs closer to the promoted ‘standard’𝐺𝑙

𝑖 . Note that
cognitive dissonance brings individuals’ intention 𝑥𝑖 closer to their
attitude 𝑦𝑖 and simultaneously changes their attitude 𝑦𝑖 to justify
the action previously chosen [60].

𝑦′
𝑖 = 𝑦𝑖 + 𝜉1𝑖

[
𝐶11
𝑖
𝑥𝑖 +𝐶12

𝑖
𝑋𝑖 +𝐶13

𝑖
𝐺1
𝑖 − 𝑦𝑖

]
𝑦′
𝑖 = 𝑦𝑖 + 𝜉2𝑖

[
𝐶21
𝑖
𝑦𝑖 +𝐶22

𝑖
𝑋𝑖 +𝐶23

𝑖
𝐺2
𝑖 − 𝑦𝑖

]
𝑥 ′
𝑖 = 𝑥𝑖 + 𝜉3

𝑖

[
𝐶31
𝑖
𝑦𝑖 +𝐶32

𝑖
𝑋𝑖 +𝐶33

𝑖
𝐺3
𝑖
− 𝑥𝑖

] (11)

where 𝜉𝑙𝑖 =
∑

𝑗 𝐶
𝑙 𝑗

𝑖
is interpreted as the rate at which the 𝑙𝑡ℎ variable

is updated, and 𝐶𝑙 𝑗

𝑖
=

𝐶
𝑙 𝑗
𝑖∑

𝑘 𝐶𝑙𝑘
𝑖

such that
∑

𝑗 𝐶
𝑙 𝑗

𝑖
= 1. In the rest of

the article we assume that 𝜉1𝑖 = 0.01, 𝜉2𝑖 = 0.1 and 𝜉3𝑖 = 1, to
model the fact that personal norms evolve slower than the rest

while empirical expectations are the ones that evolve the fastest, in
agreement with intuition. Results hold for a large range of these
parameters as long as the relation between them holds 𝜉3𝑖 > 𝜉2𝑖 > 𝜉1𝑖 .
Rewriting the equations in this form, we see that the coefficients

𝐶
𝑙 𝑗

𝑖
can be interpreted as the weights of the effect that each of

the three variables in the equations can have on the evolution of
the 𝑙𝑡ℎ variable. To adjust the dynamics to the problem that we
have at hand, i.e. to the dynamics of social norms of a group of
individuals under the collective risk of an epidemic whose dynamics

are governed as explained above, we define the coefficients 𝐶𝑙 𝑗

𝑖
in

the way detailed below.
First, for the time being, we ignore the role of any external au-

thorities. Hence we set all𝐶𝑙3
𝑖
= 0, which subsequently implies that

𝐶𝑙2
𝑖

= 1 −𝐶𝑙1
𝑖
. Then, we note that for each variable, its evolution

depends, besides its previous value, on two other variables, which
can be divided into two categories. The variables depending on
individual 𝑖’s social norms i.e. 𝑥𝑖 , 𝑦𝑖 , 𝑦𝑖 , and the variables that de-
pend on the action of the neighbors 𝑋𝑖 . Hence, we interpret 𝐶𝑖1
as the part of the updating of the 𝑖𝑡ℎ variable attributed to looking
inward, at his own previous norms, and subsequently, 1 − 𝐶𝑙1

𝑖
is

the weight that the agent puts on the neighbors influence. Alterna-
tively, based on the original formulation of the dynamic equations
for the social norms, we can interpret 𝐶𝑖1 and 𝐶𝑖2 as the weights
that the agent puts on the psychological processes involving only
his norms, and the psychological processes involving what he ob-
serves in his surroundings respectively. Essentially this amount to
assigning weights on inward vs. outward orientation. Reinterpret-
ing the coefficients in this way allows us to relate them to quantities
obtained by the physical spreading process taking place, rather than
assuming some arbitrary value for them. We assume that

𝐶𝑙1
𝑖 = 1 − 𝜙𝑖 (𝑡 ) (12)

and hence 𝐶𝑙2
𝑖 = 𝜙𝑖 (𝑡) where 𝜙𝑖 (𝑡) as defined in the previous sec-

tion. We link these weights to the change-detector function and
the consensus function, to model the fact that in unstable envi-
ronments agents rely more on personal anchors, whereas in stable
contexts they put more weight on their peers. This operationalizes
the psychological intuition that norm updating is faster when social
signals are clear and consistent, and slower when the environment
is noisy. A diagram of the contributions to the dynamics of the
social norms can be found in Fig. 4.

3 RESULTS
We run 1000 simulations of the Susceptible-Infected-Recovered
(SIR) model on a network of 𝑁 = 500 nodes, using the event-driven
algorithm in [43, 51], for each season. We assume the rationality
parameter to be 𝜅 = 0.1 and the vaccination cost 𝑐𝑉 = 1 and
𝑐𝐼 = 0.1 in all of the simulations that follow. Whenever not stated,
memory length is assumed to be 𝑚 = 4 and 𝛽 = 6. The initial
values of the three norms associated with each agent are drawn
independently from a uniform distribution. Finally, in all the cases
studied, we made sure that the systemwas simulated for sufficiently
many seasons such that evolutionary equilibrium was reached, in
particular that the percentage of vaccinated individuals did not
change bymore than 0.01 in the last 50 seasons andwith amaximum



Figure 4: Schematic diagram of the contributions to the dy-
namics of the social norm variables. The contributions of
each one of the factors that drive the dynamics of the social
norms is summarized. Themain assumptions that determine
the contribution of each factor are a) each agent is character-
ized by some tendency to resort to external factors to update
the values for her norms, expressed by some probability 𝛾𝑖 ,
while alternatively she considers factors related to her indi-
vidual factors (i.e. her personal believes and social norms)
or her immediate peers’ actions b) the more unstable her
environment is (i.e. the more the decisions of agents in the
immediate previous round differs from their average choices
in the few previous rounds), themore probable is for an agent
to base her decision on individual factors rather than con-
forming to what other agents are doing.

of 200 seasons. In all of the figures presented in this section we
include the lower and upper quartile range as well.

The role of social norms. Initially, we study the role of memory on
epidemic outcomes without considering social norms. Figure 5A
shows that the infected fraction increases with the infectivity rate
𝛽 , remaining close to zero for small 𝛽 and saturating at high values.
Longer memory reduces the outbreak size, as agents incorporate
a richer history of payoffs when deciding whether to vaccinate.
Figure 5B displays the corresponding vaccination coverage: for
small 𝛽 , coverage is close to zero in the absence of norms, while
for large 𝛽 it rises toward 0.5, driven by panic effects. Increasing
memory boosts coverage further, though not linearly. This is both
due to network effects, but also due to the fact that high 𝛽 values
reduce the safety factor 𝑆𝑖 (𝑡) and thus amplify the role of recent
outcomes in shaping decisions. When social norm dynamics are
introduced, both infection levels and coverage change significantly:
norms sustain a non-trivial fraction of vaccination (around 20%)
even at low 𝛽 , reflecting the persistence of initial heterogeneous
attitudes. Figure 6 illustrates how the three norm variables evolve.
As expected, since we are looking at the equilibrium values, the
three norms that are freely evolving coincide between them, as well
as with the vaccination intention.

Zealots. Figures 7 and 8 investigate the effect of zealotry—agents
being stubborn with respect to one social norm variable—on epi-
demic outcomes. Fig. 7A shows that the outbreak size is smallest
when all three norms coevolve dynamically, while fixing one norm
increases the infected fraction. The effect is strongest when zealotry
applies to normative expectations (𝑦), which produce the highest in-
fection levels, whereas zealotry in empirical expectations (𝑥 ) yields

Figure 5: Role of memory and social norms on the infected
fraction and vaccination coverage. (A) Infected fraction as a
function of infectivity rate 𝛽 . As 𝛽 increases, the fraction in-
fected grows and eventually plateaus, while remaining near
zero for small 𝛽 (no clear phase transition). Larger memory
reduces outbreak size, and for fixed memory (𝑚 = 4), adding
social norm dynamics further decreases infections. (B) Vac-
cination coverage as a function of 𝛽. For large 𝛽, coverage
stabilizes around 0.5 due to panic effects. With social norms,
even small 𝛽 values sustain ∼ 20% coverage, since initial norm
values are uniformly random and persist through their dy-
namics.

Figure 6: Average values of the social norm variables 𝑦, 𝑦 and
𝑥 as well as the vaccination intention 𝑥 over all agents. All
three of the social norms, as well as the vaccination intention
𝑥 coincide in the long run as expected.

the smallest increase. Fig. 7B further illustrates that vaccination
coverage reflects these dynamics: when personal beliefs (𝑦) or nor-
mative expectations (𝑦) are fixed, coverage converges to 0.5—the
mean of the uniformly distributed fixed norms—even for very small
values of the infection rate 𝛽 . By contrast, zealotry in empirical
expectations has little influence on coverage, which remains closer
to the adaptive case. Fig. 8 examines how zealotry affects the evo-
lution of the norms themselves. Fixing empirical expectations (𝑥)
leaves personal and normative norms largely unaffected, while
zealotry in personal beliefs (𝑦) exerts stronger influence on the
others. Strikingly, zealotry in normative expectations (𝑦) dominates
the system, driving both personal beliefs and empirical expecta-
tions toward its fixed value. These results align with experimental
evidence that normative expectations play a pivotal role in norm
emergence and coordination, while empirical expectations are less
influential [7, 85].

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 in the following way



Figure 7: Role of zealotry in social norms. (A) Infected frac-
tion as a function of infectivity rate 𝛽 when agents are zealots
with respect to𝑦,𝑦, or 𝑥 . In all cases the outbreak size exceeds
that with full dynamics, with the strongest increase from
zealotry in normative expectations 𝑦 and the weakest from
zealotry in empirical expectations 𝑥 . (B) Vaccination cover-
age as a function of 𝛽 under zealotry. Zealotry in 𝑦 drives
coverage to 0.5, the mean fixed-norm value, even for very
small 𝛽 .

Figure 8: Average of social norm variables 𝑦, 𝑦 and 𝑥 over all
agents, as a function of the infectivity rate 𝛽 for the cases of
zealotry considered on each one of the social norm variables.
(A), zealotry on the empirical expectation 𝑥 , (B) zealotry in
the personal norms 𝑦, and (C) zealotry in the normative ex-
pectations 𝑦. We see that the empirical expectations 𝑥 have
the least effect on the other social norms, while the norma-
tive expectations 𝑦 the most, practically driving the other
variables.

𝑦′
𝑖 = 𝑦𝑖 + 𝜉1𝑖

[
𝛾1
𝑖𝐺

1
𝑖 +𝐶11

𝑖
𝑥𝑖 +𝐶12

𝑖
𝑋𝑖 − 𝑦𝑖

]
𝑦′
𝑖 = 𝑦𝑖 + 𝜉2𝑖

[
𝛾2
𝑖𝐺

2
𝑖 +𝐶21

𝑖
𝑦𝑖 +𝐶22

𝑖
𝑋𝑖 − 𝑦𝑖

]
𝑥 ′
𝑖 = 𝑥𝑖 + 𝜉3

𝑖

[
𝛾3
𝑖
𝐺3
𝑖
+𝐶31

𝑖
𝑦𝑖 +𝐶32

𝑖
𝑋𝑖 − 𝑥𝑖

] (13)

where 0 ≤ 𝛾𝑙𝑖 ≤ 1 for 𝑙 ∈ {1, 2, 3} is the strength of the external factor
signal, and 𝐺𝑙

𝑖 is the target value for the norms. 𝐶𝑙 𝑗

𝑖
=
(
1 − 𝛾𝑙𝑖

)
𝐶
𝑙 𝑗

𝑖
,

where 𝐶𝑙1
𝑖
and 𝐶𝑙2

𝑖
= 1 −𝐶𝑙1

𝑖
as before. Note that the condition that

the coefficients 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 𝛾𝑙𝑖 and target𝐺

𝑙
𝑖 for all agents,

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

Figures 9–11 analyze how external influences on social norms
alter epidemic outcomes. Fig. 9 shows that when an external factor
plays down disease severity by shifting norms toward a lower target
(𝐺 = 0.6), outbreaks become larger if the intervention acts through
personal norms or injunctive expectations, while effects through
empirical expectations remain negligible. Moving to Fig. 10, we
observe richer dynamics. Panel A demonstrates that the outbreak
size depends not only on which norm is targeted but also on the

strength of the intervention (𝛾 ) and its target value (𝐺). Driving per-
sonal norms or injunctive expectations toward lower values reliably
increases outbreak size, whereas targeting empirical expectations
can sometimes backfire against the external factor: for intermediate
values of 𝐺 , the community resists, and infection levels fall below
the baseline without external influence. Panel B further highlights
these nonlinearities, showing that for sufficiently high target values
(𝐺 ≈ 0.7) outbreaks shrink under all intervention types, with em-
pirical expectations providing the strongest buffer, while for low 𝐺

values the outbreak size grows, especially when personal or injunc-
tive norms are targeted. The nonlinear responses in Fig. 10 illustrate
a boomerang effect [46, 65, 86]: external attempts to weaken vacci-
nation norms sometimes backfire, leading to stronger compliance
and reduced infection, akin to backfire effects reported in descrip-
tive norm interventions [61]. Finally, Fig. 11 examines how the
average values of each norm evolve under external driving. Only
the targeted norm consistently converges to the imposed value, but
interventions on injunctive expectations also drag the other norms
along, underscoring their coordinating role.

Taken together, these results reveal that external factors do not
affect all norms equally: interventions on injunctive norms spread
their influence across the system, while empirical expectations can
generate resilience, even neutralizing attempts to downplay risk.
This is in agreement with the experimental results in [73] and the
subsequent theoretical analysis in [66] where the authors found
that the normative variables play a key role in the emergence of a
norm.

Figure 9: Role of external factors on social norms. (A) In-
fected fraction as a function of the infectivity rate 𝛽 for three
distinct cases corresponding to the cases where an external
factor affects each one of the social norm variables 𝑦𝑖 , 𝑦𝑖 and
𝑥𝑖 . We assume that the role of the external factor is to play
down the severity of the disease spreading. We assume that
the external factor is driving the social norm to the value
𝐺𝑖 = 0.6, slightly lower than the equilibrium value 0.7 for
the social norms observed in Fig. 6. We see that the external
factor is successful in increasing the infected fraction when
is applied to either the personal norms 𝑦𝑖 or to the norma-
tive expectations 𝑦𝑖 . However when applied to the empirical
expectation 𝑥𝑖 the external factor’s effect is negligible. (B)
Vaccination coverage as a function of the infectivity rate 𝛽

for the aforementioned cases. The parameters used in the
simulations were: 𝛾𝑖 = 0.5 , 𝐺𝑖 = 0.6.



Figure 10: Role of external factor’s strength 𝛾 and external
factor’s target G. (A) Outbreak size as a function of the exter-
nal factor’s coupling strength 𝛾 , when the intervention acts
on one of the three social norm variables: personal norms 𝑦𝑖 ,
normative expectations 𝑦𝑖 , or empirical expectations 𝑥𝑖. We
consider two target values, 𝐺 = 0.6 and 𝐺 = 0.8, correspond-
ing respectively to driving norms toward lower or higher
severity perceptions than the baseline case without external
influence. When the external factor pushes either personal
norms or normative expectations toward𝐺 = 0.6, the infected
fraction increases. In all other cases, the population reacts
adaptively: for sufficiently high coupling strength, the re-
sulting outbreak size becomes smaller than in the absence of
external influence. Of particular interest is the effect of driv-
ing the empirical expectation 𝑥 towards𝐺 = 0.6 (lower than
the no external influence case) which does not achieve to in-
crease the outbreak size. (B) Infected fraction as a function of
the target value 𝐺 for the three intervention scenarios, with
coupling strengths 𝛾 = 0.5 and 𝛾 = 1. The red dashed line indi-
cates the baseline infection level without external interven-
tion. For large target values (nudging towards vaccination),
the infected fraction approaches zero, as expected. For small
target values (nudging individuals away from vaccination),
outbreak sizes are substantially larger. For intermediate val-
ues of 𝐺 the intervention is more effective through 𝑦 while
for sufficiently small𝐺 , targeting empirical expectations 𝑥𝑖
becomes more effective. When external driving is applied
to personal norms or normative expectations, even a mod-
est reduction of the target below the baseline vaccination
coverage (𝐺 ≈ 0.7) leads to increased outbreak size. However,
when the intervention targets empirical expectations, the
community can partially resist: for a range of intermediate
target values (𝐺 ≈ 0.6 − 0.8), infection levels are lower than
in the baseline case, indicating that descriptive norms can
buffer against external attempts to undermine vaccination.

4 CONCLUSION
Epidemic–behavior models often rely on simple imitation or payoff-
based reinforcement, which capture certain dynamics but fail to
offer a more realistic description of how attitudes, expectations, and
social pressures shape preventive decisions, which opens the way
for behavioral intervention proposals. To address this gap, we devel-
oped a behavioral epidemic model that couples disease spread with
a decision-making process grounded in the Experience-Weighted
Attraction (EWA) learning framework [10]. EWA combines rein-
forcement and belief learning by accounting for both realized and
foregone payoffs, something that better describes human decision

Figure 11: Social norm variables dependence on the external
factor’s coupling strength 𝛾 for the scenarios of coupling to
one of the three social norm variables 𝑦, 𝑦 and 𝑥 each time.
We assume a 𝐺 = 0.6 for each case. The average of the social
norm variables over all agents is represented. (A) Here the
external driving is on the empirical expectation 𝑥 . As we
see its value goes to the target’s value when the coupling
strength is sufficiently high. the rest of the social norms do
not follow it. (B)Here the external driving is on the normative
expectation 𝑦. The other social norms follow its value. (C)
Here the external driving is on the personal norms 𝑦. The
other social norms follow its value.

making in experimental settings. We extended this by integrating
social norm dynamics, motivated by the distinction between de-
scriptive and injunctive norms in social psychology [7, 27, 56]. The
resulting model captures mechanisms such as cognitive dissonance,
social projection, and consistency constraints, which explain how
individuals align with peers or authorities.

Our analysis shows that considering the coevolving norm dy-
namics substantially alters the final outbreak size. Furthermore,
we find that injunctive norms stabilize vaccination in repeated de-
cision contexts, while descriptive norms mainly track short-term
fluctuations [55, 73]. Simulations with zealots demonstrate that all
norms reduce infection, though normative expectations dominate
while empirical expectations matter least [50, 76, 79, 85]. Exter-
nal interventions targeting personal or normative expectations
strongly influence vaccination coverage, whereas descriptive-norm
interventions may be weaker or counterproductive. These findings
align with experimental evidence, such as the transmission game,
where injunctive-norm nudges proved more effective in reducing
collective risk-taking [85].

Our framework is not designed for predictive forecasting but
for explanatory insight into how social norms coevolve with epi-
demic risk and shape vaccination behavior. Such insights can inform
communication strategies that emphasize stable normative expec-
tations rather than volatile descriptive signals [9, 52, 69]. More
broadly, norm-based models—once validated experimentally—can
guide interventions for other collective-action challenges, from
misinformation to environmental cooperation. Future extensions
include adaptive networks [82], multi-layer information and fear
propagation [20, 87], homophily in intentions or vaccination sta-
tus [40], and the role of peer punishment and rewards in norm
evolution [28].
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